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A complex trait or disease is one for which the differences between people are 
influenced by both genes and environment (lifestyle, diet, etc.), along with their 
interactions. Uncovering which factors determine variation in a trait (its “architecture”) 
will help us find ways to treat or avoid disease. This thesis explores the architecture of 
human complex traits related to body shape and cardiovascular health, such as height, 
body mass index and blood pressure, using data from ~20k individuals of recent 
Scottish descent from a study called Generation Scotland: Scottish Family Health 
Study.  
I conducted a statistical analysis to quantify the effects of different origins on trait 
variation, e.g. how much an effect contributes to the trait differences between people. 
I explored the relative influence of genes that occur commonly in the general 
population compared to that of rare mutations running in families, and the influence 
of sharing a common environment, either with all family members, or your partner, or 
your siblings. Genetics was the most important factor investigated, explaining ~45% 
of the differences between individuals on average for body shape and cardiovascular 
health. Common genetic variations affect the trait to the same extent as rare mutations 
shared within families. The common environment shared by all family members makes 
a limited contribution to trait variation; whereas common couple environment and 
common sibling environment could explain another 11% and 5% of the trait 
differences on average. 
Genome-Wide Association Studies (GWAS) aim to identify causal genes and genetic 
variants of a trait. The ability of GWAS to detect genetic causal factors is enhanced 
the more we know about the trait architecture. Knowledge of trait architecture could 
also be used for disease risk prediction, e.g. to predict a person’s tendency to be 
overweight. Since common couple and sibling environment were found to explain a 
substantial amount of the trait differences between individuals, I implemented them 
into GWAS analyses and prediction models and concluded that taking them into 
account helps us find more causal genes and improves the ability to predict, compared 




In my thesis, the high similarity between partners was considered as environmental 
effects whilst it could also be due to non-random mate choice. For example, when tall 
people marry tall people, becoming more alike due to a shared environment is clearly 
not an explanation of why they are both tall. I explored what is the effect of this 
‘assortative mating’ (people partnering someone of a similar phenotype) on trait 
architecture and developed a novel way to estimate the genetic contribution on trait 
differences using the similarity between relatives and in-laws. 
In summary, my method offers a novel way of using information on family members 
(lifestyle, diet, etc), over and above the fact we know little about the real environmental 
causal factors affecting the traits. I discovered that sibling environment and couple 
effects, including shared couple environment and assortative mating, significantly 
contribute to the variation observed in body shape and cardiovascular health between 
individuals in our Scottish samples. Accounting for these effects is beneficial for 






A complex trait is a trait or disease that is controlled by both genetic and environmental 
factors, along with their interactions. Trait architecture encompasses the genetic 
variants and environmental causes of variation in the trait or disease, their effects on 
the trait or disease and the mechanism by which these factors interact at molecular and 
organism levels. It is important to understand trait architecture both from a biological 
viewpoint and a health perspective. In this thesis, I laid emphasis on exploring the 
influence of familial environmental factors on complex trait architecture alongside the 
genetic components. I performed a variety of studies to explore the architecture of 
anthropometric and cardio-metabolic traits, such as height, body mass index, high 
density lipoprotein content of blood and blood pressure, using a cohort of 20,000 
individuals of recent Scottish descent and their phenotype measurements, Single 
Nucleotide Polymorphism (SNP) data and genealogical information.  
I extended a method of variance component analysis that could simultaneously 
estimate SNP-associated heritability and total heritability whilst considering familial 
environmental effects shared among siblings, couples and nuclear family members. I 
found that most missing heritability could be explained by including closely related 
individuals in the analysis and accounting for these close relationships; and that, on 
top of genetics, couple and sibling environmental effects are additional significant 
contributors to the complex trait variation investigated.  
Subsequently, I accounted for couple and sibling environmental effects in Genome-
Wide Association Study (GWAS) and prediction models. Results demonstrated that 
by adding additional couple and sibling information, both GWAS performance and 
prediction accuracy were boosted for most traits investigated, especially for traits 
related to obesity.  
Since couple environmental effects as modelled in my study might, in fact, reflect the 
combined effect of assortative mating and shared couple environment, I explored 
further the dissection of couple effects according to their origin. I extended assortative 
mating theory by deriving the expected resemblance between an individual and in-




a novel pedigree study which could jointly estimate the heritability and the degree of 
assortative mating.   
I have shown in this thesis that, for anthropometric and cardio-metabolic traits, 
environmental factors shared by siblings and couples seem to have important effects 
on trait variation and that appropriate modelling of such effects may improve the 
outcome of genetic analyses and our understanding of the causes of trait variation. My 
thesis also points out that future studies on exploring trait architecture should not be 
limited to genetics because environment, as well as mate choice, might be a major 
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Chapter 1: Introduction 
 
1.1 Overview 
A complex trait (or disease) is a trait (or disease) contributed by both genes and 
environment, together with interactions, if any. The thesis, entitled ‘Exploring the Trait 
Architecture of Human Complex Trait’, records my projects of studying the trait 
architecture of complex traits in humans. Prior to investigating human complex trait 
architecture, initially I need to comprehend what trait architecture is and what should 
be involved in trait architecture studies. 
Therefore, to answer the question of what trait architecture is and how I propose to 
study it:  
First, I broadly reviewed the relevant history, including important genetic and 
genomic discoveries and the development of genetic techniques and research methods;  
Second, based on the knowledge learned from the history, I address my 
understanding of trait architecture. Afterwards, I have classified the trait architecture 
studies into a number of categories and I summarise the current status and problems 
for each category as well as the common problems remaining for the whole trait 
architecture research field;  
Finally, I outline the aims of this project and I summarise the outline of my 
thesis. 
Note, the review in Chapter 1 does not contain any details of the methodologies, 
equations or software used to conduct a specified study. On the contrary, it serves as 
background introduction, providing an overall view of the field of trait architecture 
study nowadays. I provide a summary of the appropriate methodology at the beginning 






1.2 Relevant History: Short Review 
1.2.1 Early Times 
1.2.1.1 The Beginning of Modern Genetics: 1850s-1910s 
Unlike some other scientific disciplines such as mathematics, chemistry and physics, 
genetics is a relatively young subject with only about 150 years of history. The father 
of modern genetics is Gregor Mendel, who conducted pea plant experiments between 
1856 and 1863 and established Mendel’s laws of inheritance, known as the principles 
of dominance, independent assortment and segregation [1,2]. However, his work was 
not widely recognised in his lifetime until rediscovered by three other researchers in 
1890s [2], including Hugo de Vries who proposed the concept of “pangenes”, which 
was named after Darwin’s “pangenesis” theory [2-4] and was abbreviated to the still-
in-use-name “gene” by Wilhelm Johannsen in 1909 [2,5], for describing the smallest 
hereditary unit of specific traits in organisms [2,6]. Shortly after this, Thomas H. 
Morgan, who initiated molecular genetics, together with his student Alfred Sturtevant 
found sex-linkage and recombination frequency of genes by studying Drosophila 
melanogaster between 1910 and 1911 [2,7].  
By then, the underlying structure and functions of the gene had not yet been revealed, 
a gene was no more than a postulated concept. However, the basic roles of how they 
are inherited were detected and the relationship between genotypes and phenotypes for 
simple traits (monogenic and oligogenic traits) that follow Mendelian rules was 
deduced. 
 
1.2.1.2 The Development of Statistical Genetics: 1910s-1920s 
Later on, in 1915 John Haldane first demonstrated the concept of genetic linkage in 
his study of mice [8]. In 1918, Ronald A. Fisher put forward a variance component 
model to estimate the trait variance attributable to genetics and to the environment by 
using the resemblance between different types of relative [9]. The ratio of genetic to 
total variance was subsequently termed the heritability [10]. Sewall Wright developed 




introduced different mating systems (such as random matting and assortative mating) 
in 1920s [11-13]. Together these three scientists developed the foundation of 
evolutionary, population and quantitative genetics. 
With the guidance of the pioneers’ tremendous work, scientists, regardless of knowing 
anything about gene function, were capable of calculating the linkage between two 
genes, estimating to what extent the trait or disease was heritable (low or high 
heritability) using related individuals and researching into the influence of historical 
events and human behaviours, such as inbreeding, assortative mating and drift, on 
genetic inheritance and its diversity, both of which give us broad insights into trait 
genetic architecture. Research methods invented back then, like pedigree studies of 
heritability (twin studies and parent-offspring regression) and F-statistics, are still 
widely in use in population and evolutionary genetics nowadays [14-16]. 
 
1.2.2 The Second Half of the 20th Century 
1.2.2.1 DNA Era – The Discovery of Gene: 1940s-1970s 
Scientists developed a more and more profound understanding of the essence, structure 
and function of genes over the period after the 1940s, from the Avery–MacLeod–
McCarty experiment demonstrating deoxyribonucleic acid (DNA) as the genetic 
material in 1944 [17] to the discovery of the double helix structure of DNA by James 
Watson and Francis Crick in 1953 [18]; from the identification of the function of 
messenger ribonucleic acid (mRNA) by Sydney Brenner, Francois Jacob and Matthew 
Meselson in 1961 [19] to the complete decoding of triplet genetic codons by Marshall 
Nirenberg, Har G. Khorana, Sydney Brenner and Francis Crick by 1965 [20-22]; from 
the first gene sequence of bacteriophage MS2 coat protein gene by Walter Fiers in 
1972 [23] to the finding of alternative splicing by Phillip Sharp and Richard Roberts 





1.2.2.2 Linkage Mapping Era – The Usage of Genetic Marker: 1970s-2000s 
With the development of genetic theories (1.2.1 Early Time) and the knowledge of 
genes (1.2.2.1 DNA Era), scientists were able to identify causal loci of a trait by 
linkage mapping studies using genetic markers.  
The first generation of DNA-based genetic markers were restriction fragment length 
polymorphisms (RFLP), which was found in 1974 [26] and first used for linkage 
mapping in 1988 [27,28] due to RFLP mapping theory proposed by David Botstein in 
1980 [29]. By mapping in experimental crosses of tomato, the first complete RFLP 
linkage mapping study identified 6 QTLs associated with fruit mass [28].  
The second generation of genetic markers is variable number tandem repeat (VNTR), 
classified as microsatellites (i.e. a repeating unit which is less than < 5bp), also known 
as simple sequence repeat (SSR) and short tandem repeat (STR), and minisatellites (i.e. 
a repeating unit which is more than > 5bp). VNRTs, identified and proposed for 
mapping by Yusuke Nakamura in 1987 [30], were frequently used in genetics studies 
in 1990s [31,32] and early 2000s [33]. 
 
1.2.3 Recent Time 
1.2.3.1 Genome Projects in Humans – The Understanding of Human Genome:  
1990s-Now 
The human genome is made up of both coding DNA (genes) and non-coding DNA 
(which do not encode proteins). To reach a better understanding of the genome 
structure and exploring the role of coding and non-coding DNA as well as their 
variations, scientists over the world joined forces and decided to research the genome 
of human as a consortium.  
The first and most important genome project in humans was the Human Genome 
Project (HGP), which was proposed in late 1980s, initiated in 1990 and completed in 
2003, aiming to sequence the whole human genome [34]. HGP provides us with vital 
information about the length of genome, the number of genes and proteins, and the 




our genomic knowledge. The aligned sequence results are often used as reference 
genome for blast, primers and chip design, imputation and annotation. In build 35 
(2003’s version), the coverage was 99% with accuracy of 99.999% and there were 341 
gaps [34]. Nowadays, scientists keep trying to narrow down the gaps by sequencing 
or re-sequencing. The human reference genome is maintained and updated by the 
Genome Reference Consortium (GRC) and the current build is GRCh38.p8 (by August 
2016) [35]. All this information is widely used in genetic and genomic research today. 
The HGP maps genetic variations, such as single nucleotide polymorphisms (SNPs) 
and structural variations, on the genome, which enriches the choices of genetic markers. 
Subsequent projects, such as the International HapMap Project (HapMap, from 2002 
to 2007) [36,37], the Human Variome Project (HVP, from 2006 to now) [38,39], the 
1000 Genome Project (1000Genome, from 2008 to 2015) [40,41] and the 100,000 
Genome Project (from 2012 to now) [42],  all focus on identifying various genetic 
variations in the human genome.  
 
1.2.3.2 Limitation of Linkage Study and the Development of SNP Array 
Linkage studies in the 20th century were limited by the following. A), restricted 
abundance of RFLPs and VNRTs and the cumbersome processes of polymerase chain 
reaction (PCR) and gel electrophoresis. B), linkage study requires informative 
pedigree(s), and making it hard to recruit numerous people. C) linkage study only 
utilises within family information and hence the information between unrelated 
individuals is squandered. D), a linkage map is a genetic map which indicates the 
genetic location between a marker and a gene based on recombination frequency but 
not the absolute location on the genome. Even if a gene could be perfectly pinned down 
at a 1-2 centi-Morgan (cM) gap, the length of the gap is equivalent to 1-2 million base 
pairs (bp), and yet, it is still difficult to identify the candidate gene within this region. 
E), linkage study works well on the detection of causal genetic variants for simple 
traits (monogenic and oligogenic traits following Mendelian rules) but less 
successfully on complex traits attributed by polygenes and environmental effects, 
along with interaction if any. Although most variants showing Mendelian inheritance 




published on Online Mendelian Inheritance in Man (OMIM) [43,44], many common 
diseases, such as type-II diabetes, obesity, bipolar, cardiovascular diseases and various 
types of cancer and tumour, are complex diseases, the studies of which were 
unsatisfactory by linkage analysis and the knowledge of causal factors for these was 
limited.  
However, the appearance of microarray technology and the popularisation of 
association study largely eliminated these deficiencies.  
Microarrays can be used to genotype thousands of markers simultaneously through an 
automatic machine, which greatly saves time and effort. The most common microarray 
is the SNP chip.  
By 2001, there were ~1.4 million identified SNPs in human genome, mostly (~95%) 
identified by the HGP and The SNP Consortium (TSC) [45]. By August 2016, 
according to the online Single Nucleotide Polymorphism Database (dbSNP) [46], the 
number has increased tremendously to ~165 million owing to the follow-up genomic 
studies such as HapMAP and 1000Genome.  
Due to the abundance of SNPs across the genome (1 per 18 bp on average), they have 
been widely used as markers in genetic analysis and for genotyping since late 1990s 
[45,47], e.g. the largest cohort UK biobank (over 500,000 people and 73 million 
imputed SNPs since 2006) [48]. The genomic relationship between individuals of 
unknown relationship can be derived by using dense markers such as SNPs, owing to 
Paul M. VanRaden [49,50], thus easing recruitment. Besides, the genomic relationship 
between nominally unrelated individuals estimated using SNP chip can be used for 
heritability study [51,52].  
 
1.2.3.3 Association Mapping Era – The Golden Age of Genetic Studies: 2000s-
Now 
With the help of several human genome projects (1.2.3.1 Genome Projects in Humans), 
scientists have more profound understanding of human genome and the different 
sources of variation lying in it as well as their locations. The most frequent variations 




for association mapping in 2000 [47] and the first SNP-based genome-wide association 
study (GWAS) appeared in 2005 where they conducted a genome-wide family-based 
association study based on a modified transmission disequilibrium test (TDT) using 
SNPs and found a haplotype associated with age-related macular degeneration [53]. 
However, the acknowledged starting point of GWAS is a publication by Wellcome 
Trust Case Control Consortium (WTCCC) in 2007 [54] because it is the first 
population-based association study using genome-wide marker data genotyped by 
high-coverage SNP chip [55]. In that study, 24 associations were reported for 7 
diseases, including bipolar disorder, diabetes, coronary artery disease, etc.  
Shortly after that, SNP-based GWAS have become the most popular mapping method 
all over the world and the increasing number of GWAS publications makes meta-
GWAS possible. Meta-GWAS is a meta-analysis of the summary results from multiple 
GWAS for the same traits, which increases the detection power by merging the sample 
sizes with little computational cost [56]. The latest meta-GWAS for height by Genetic 
Investigation of ANthropometric Traits (GIANT) consortium has discovered ~700 
height-associated loci using 253k genotyped individuals [57].  
Thus far, ~55k SNP-trait-associations from more than 3k publications are catalogued 
in the online database, GWAS Catalog [58]. 
 
1.2.4 Relevant Researches and Future Researches 
1.2.4.1 Biological Mechanism 
Linkage and association studies localise the causal factors of diseases and traits on the 
genome (1.2.2.2 Linkage Mapping and 1.2.3.3 Association Mapping); however, they 
do not reveal the full detail of what these causal factors are, what these causal factors 
do and how these causal factors interact and result in disease. In fact, there is a huge 
gap from having the ‘bricks’ to building a ‘mansion’. For the public and clinical 
workers, the biological mechanism behind a complex trait or disease is much more 
important than the discovery of its causal factors as clinical prognosis, prevention, 




To understanding the biological meaning of causal factors, one usually starts with gene 
annotation (gene ontology) [59]. By gene annotation, researchers could know the 
location of the QTLs in the genome and their nearby genes. Subsequently, it is possible 
to check the functions of these associated genes and whether it is plausible that their 
gene functions are related to the trait investigated (selecting the candidate genes). If a 
genetic variation happens to locate inside the protein-coding regions, it is possible to 
predict its function by checking whether it causes frame-shift, nonsense mutation, 
missense mutation, etc.  
However, over 90% of the GWAS hits detected lie in non-coding regions. Studies on 
human traits and diseases show that mutations in non-coding regions could disrupt the 
binding of transcription factors and the functions of non-coding RNA can influence 
expression of active genes [60-62]. Therefore, further analysis is required for 
identifying the functions of causal variants, if they are non-coding variants. 
One way is to consult the ENCyclopaedia Of DNA Elements database (ENCODE, 
https://genome.ucsc.edu/ENCODE/) to see whether the variants are within the 
regulatory elements of associated genes [63,64]. Another solution to understanding the 
role of non-coding variants is using genetically modified mice, i.e. modify or 
completely knockout the homologous gene in mice. The beauty of mouse study is we 
could observe the influence of a single mutation in any tissues at any growth stage, as 
long as the mutation is not lethal for mice and its effect is large enough. Mouse models 
of top GWAS hits for human diseases and traits is a trend in the post genomic era [65]. 
However, the real process of identifying causal variants is more complex because the 
identified genetic variant might not be the real causal variant. For example, the 
predicted function of an exonic variant might be wrong if the exonic variant is not the 
causal variant itself but is detected due to LD with that ungenotyped causal variant. 
Similarly, a variant found outside the gene could be tagging an ungenotyped variant 
within the gene. Briefly speaking, sequencing and re-sequencing techniques might 
help in such cases to identify potential causal variant for the identified signals but there 





1.2.4.2 Application: Prediction, Prevention and Treatment 
The purpose of studying a disease, certainly, is to optimise treatment. Clinical 
application is the most important thing that matters to the public. With the knowledge 
of trait causal factors and their mechanism learned from 1.2.2.2 Linkage Mapping, 
1.2.3.3 Association Mapping and 1.2.4.1 Biological Mechanism, more potential 
options of therapeutic targets have been revealed [66,67]. Moreover, such knowledge 
is also useful for predicting disease risk and disease survival and selecting biomarkers 
for disease early diagnosis [68-72].  
 
1.3 Lessons Learned from the History 
1.3.1 My Understanding of Trait Architecture 
Based on the review above, I think the architecture of a trait is the knowledge 
describing how trait compositions (causal factors) are bounded and formed into the 
outcome phenotype. Besides, the architecture of a trait is a time-specific and 
population-specific concept, i.e. trait architecture could change over generation and 
might differ across populations.  
 
1.3.2 Five Important Types of Trait Architecture Study 
Trait architecture studies can be classified into 5 categories. These are trait variance 
component analysis, detection of trait causal factors (or mapping studies), the 
influence of historical events and human behaviours on trait architecture, study of trait 
mechanism and clinical application. I call them the five key studies of trait architecture. 
Here, I simply introduced the five key categories and briefly summarised the problems 
remaining in each of them. A more detailed methodology review for each type of trait 





1.3.2.1 Trait Variance Component Analysis 
Trait variance component analysis is a kind of study which explores the contribution 
of trait variance due to different origins, including additive genetics, dominance, 
epistasis, epigenetics, household effect, individual environment, etc. The appearance 
of trait variance component analysis could trace back to the beginning of 20th century 
(1.2.1.2 The Development of Statistical Genetics). 
Heritability estimation study, the most frequent trait variance component analysis, 
could estimate the extent to which the trait variation is attributed by additive genetics. 
Thus, it provides us with an overall view of how heritable a trait or disease is and 
whether it is worthwhile to do genetic studies subsequently in the population.  
It is possible to estimate the heritability of a trait by comparing the phenotypic 
resemblance between individuals with the genetic resemblance between individuals 
either inferred from the pedigree (pedigree based study such as MZ-DZ twin study 
[73,74]) or estimated using genotyped SNPs (such as genomic relationship matrix 
based restricted maximum likelihood, GREML [51,52]). However, the pedigree-based 
methods require relatives and thus the estimate of heritability might be biased due to 
confounding factors such dominance, epistasis, common environment, genetic-by-
environment correlation and genetic-by- environment interaction shared among 
relatives if any [55,75,76]; whereas the GREML method is restricted by genotyping 
platform design, i.e. it is unable to capture causal genetic variants that are not tagged 
by SNP array, such as rare variants, copy number and structural variants [55,77,78].  
A common problem for trait variance component analysis is that it usually focuses on 
estimating additive genetic variance but pays less attention to exploring other sources 
of influence such as dominance, epistasis and, more importantly, environmental 
factors. Although evidence shows that there probably is not much trait variance 
explained by genetic factors other than additive genetics [14], the summed effect of 
environment could still explain a very large proportion of trait variance. Taking 
different types of cancer as examples, the Nordic twin study demonstrates that the 
heritability estimates are low to moderate (9-58%) with mean of 33% across different 




1.3.2.2 Detection of Trait Causal Factors 
Studies aimed at detecting trait causal factors, which are also known as mapping 
studies, reveal the location of the casual factors resulting in trait variation. Causal 
factor detection using molecular markers is a major force for trait architecture study 
which has started a long time ago.  
A mapping study is guided by trait variance component analysis because the latter 
highlights the sources of trait causal factors and their contribution to the total trait 
variance. For example, GREML study shows that SNP-associated genetic variants 
explain ~50% trait variance for height [51], which suggests that: first, there are SNP-
associated genetic variants for height; and second, if all SNP-associated genetic 
variants were detected, they should explain ~50% of the trait variance all together. 
Currently, the most popular mapping method is GWAS, which has identified 
thousands of loci for a wide range of human complex traits and diseases [75,76]. 
However, the total heritabilities explained by identified hits are much lower than 
heritability estimates from pedigree-based or GREML studies due to platform design 
and the stringent significance tests applied [55,77,78].  
There are more common problems for mapping studies. First, environment plays an 
important role in trait variance and gene-by-environment correlation might cause false 
discoveries in GWAS [80,81]. However, mapping studies for detecting environmental 
factors or mapping studies which considered the environmental influence are limited.  
Second, irrespective of genetic mutation, a person’s genome is fixed when the zygote 
is formed inside the mother’s uterus and which set of the genes shall the zygote 
inherited from parents are almost randomly (genes might be co-segregated due to 
linkage) assigned during meiosis. Hence, genetic markers are perfect instrumental 
variables [82,83]. This means if a significant association between a trait and a genetic 
variant is found, then the cause-and-effect relationship is usually solid, i.e. the genetic 
variant (or an undetected genetic variant in strong LD with that detected genetic variant) 
must be the causation and its effect on that trait must be the causality. However, if the 
markers used for association studies are other omics data like gene expression levels 




effect relationship between trait and markers is undetermined. This also hinders the 
understanding of the mechanism for non-genetic causal factors.  
Third, the property of omics data limits the findings. Using SNPs as genetic markers, 
it is only possible to discover causal genetic variants associated with SNPs; If 
researchers want to detect other types of genetic variants such as indel or structural 
variants (although some of them might be detected due to LD with SNPs), then they 
need to turn to other data such as sequencing [84]. If researchers want to explore the 
influence of chromatin interaction on a trait, they need to seek Hi-C data for help [85] 
or transcriptome data for splicing variation [86]. There are other omics data such as 
expression data, methylation data, proteomics data, etc. Different omics data serve 
different purposes and provide different information, it would be good to measure all 
of them but currently remains expensive. Furthermore, omics data will vary between 
tissue, over development and subject to environmental influences so measuring omics 
data in all potentially relevant circumstances (or even knowing what the relevant time 
and tissue are) might be impossible. For example, for a disease like cancer, somatic 
mutation and variation is important [87,88]. Therefore, to study the tumorigenesis and 
carcinogenesis of different cancers, researchers might want to sequence the DNA from 
different tissues.   
 
1.3.2.3 Influence of Historical Events and Human Behaviours on Trait 
Architecture 
The architecture of a trait is time specific and population specific as different historical 
events and human behaviours might change the trait architecture cumulatively over 
time and across populations. 
Regarding genetic variants, they are maintained by mutation, fitness and mating. 
Mutation generates novel genetic variants, fitness decides whether a person could live 
long enough to produce offspring and mate choice determines what genes can be 
passed on to the next generation. Therefore, mutation, fitness and mate choice 
influence the gene pool and gene frequencies in the progeny and thus influence on 




An example of mutation, the genetic mutations for the same trait might differ across 
populations because a mutation might raise in one population but not another. An 
example of fitness, the prevalence of sickle cell disease is much higher in African 
populations compared to non-African populations because the sickle gene has a 
protective effect against malaria (a common disease in Africa) [89]. Examples of mate 
choice, mating genetically related individuals (inbreeding) leads to inbreeding 
depression that increases the frequency of unfavourable homozygotes and, 
consequently, decreases the fitness of offspring [90]; whereas mating phenotypically 
similar individuals (assortative mating) [91,92] could increase the genetic variance of 
a trait by a maximum of twice [93].  
Studies of the influence of historical events and human behaviours on trait architecture 
could trace back to the early 19th century (1.2.1.2 The Development of Statistical 
Genetics) and how they affect the genetic variance of a trait is in fact well-studied in 
population genetics [9,93,94]. However, population genetics focuses on the influence 
of human activities (input) on genetic variance and relatedness between relatives 
(outcomes); it does not reveal how these activities affect genetic variants 
(intermediates). With the popularisation of genotyping, we now have plenty of genetic 
information. How to integrate the influence of human behaviours and historical events 
into SNP-based models used for GWAS and GREML in order to explore the influence 
of human behaviours and historical events on genetic variants and trait architecture is 
a question that remains to be solved.   
For the same trait, due to cultural, geographical, economic, historical and other reasons, 
different influential human activities might take place in the same population at 
different times and in different populations at the same time. Therefore, it is important 
to know the difference in historical events and human behaviours between two 
different populations (or two different generations) and use such information to 
interpret the similarities and difference in trait architecture across populations (or 
across time) because historical events and human behaviours are the direct causation 
of heterogeneity. However, owing to how data are usually collected (i.e. at a certain 
time point and within a population), such cross-population or cross-generation 




1.3.2.4 Study on Functional Pathways and Networks 
DNAs are transcribed into RNAs, mRNAs are translated into proteins, proteins and 
other biomolecules interact and form a biological pathway and several biological 
pathways interact and result in the final phenotype we observed, along with other 
factors such as the regulation of gene expression, the influence of environmental 
factors on the pathways, etc. This probably is the simplest interpretation explaining 
how trait causal factors are connected and forming the biological pathways and 
networks underlying trait variation.  
Currently, the study of trait mechanisms emphasises on both ends of the biological 
mechanism network. From the DNA side: discovering how genetic variants detected 
in a mapping study affect the trait and how they are regulated by other genetic and 
epigenetic variants. And from the phenotype side: such as researching the influence of 
alcohol metabolism on alcohol intoxication [95]. However, the link between two ends 
is usually missing.  
To weave the complete network of the biological mechanism of a complex trait or 
disease, we need multi-disciplinary cooperation, which might include quantative 
genetics, molecular genetics, epigenetics, cellular biology, metabolomics, embryology, 
physiology, ecologist, etc. Therefore, emphasis should be paid on integrating the 
results learned from different biological disciplines for the same trait together, trying 
to draw a full picture of how trait casual factors interact and forming the final 
phenotype. And a better understanding of trait mechanism network, in return, would 
help to detect those causal factors which are missed in mapping studies but shown up 
in the mechanism network [96,97].  
 
1.3.2.5 Clinical Application 
Clinical application is the final step of a trait architecture study and the outcome that 
matters most to the public. However, the conversion rate from scientific research into 
clinical application is low. 
For example, GWAS marks the location of trait-associated loci in the genome, but the 




no genes at all as most GWAS hits lying in non-coding regions [60]. Therefore, it is 
not obvious which is the functional variant contributed to the GWAS signal [98]. 
Consequently, only a very small fraction of GWAS hits are found in the current drug 
target database [66]. To discover novel drug targets, we still require the knowledge of 
gene regulatory network (GRN) as studies show that genes closely correlated with 
GRN of published GWAS hits look promising for drug targets [66,67]. 
Regarding prediction, the overall prediction accuracy for human complex traits is low, 
e.g. the prediction accuracies for height and BMI using genotype and methylation data 
in unrelated individuals are no more than 20% [99]. Since environmental factors are 
another major component of trait variance and theoretically prediction accuracy should 
benefit from adding environmental causal factors, future prediction studies might 
consider taking them into account.   
 
1.4 Aims and Thesis Outline 
1.4.1 Aims 
The aims of this project are two.  
Aim one, exploring trait architecture for human complex traits, going through the five 
key trait architecture studies one by one, including trait variance component analysis, 
trait causal factor detection, influence of historical events and human behaviours on 
trait architecture, biological pathways and clinical application. The complex traits 
investigated here are anthropometric and cardio-metabolic traits such as height, body 
mass index (BMI) and high-density lipoprotein (HDL), detailed review for those traits 
is provided in Chapter 2. 
Aim two, while conducting analyses for each type of trait architecture study, trying to 
solve the current issues remaining in each field or improving the current methods 
frequently used. Therefore, the studies in my thesis are not simply copy and paste, i.e. 
applying the methods used in published studies into our data “as is”, but also 
attempting to develop novel analytical approaches to dissecting out the causes of 




1.4.2 Outline of the Thesis 
During my 4-year PhD study, I have conducted four out of the five key trait 
architecture studies mentioned above, which are trait variance component analysis, 
trait causal factor detection, studying the influence of historical events and human 
behaviours on trait architecture and clinical application.  
In Chapter 2, I conducted variance component analysis. In contrast to traditional 
heritability, I also explored the influence of familial environmental factors, such as 
nuclear family environment, couple environment and sibling environment on trait 
variance explanation.  
In Chapter 3 and 4, I conducted a GWAS and a prediction study respectively. In 
contrast to traditional GWAS and prediction studies, my GWAS and prediction models 
include the important non-genetic sources of trait variance found in Chapter 2 
In Chapter 5, I explored the influence of assortative mating on trait architecture. I 
developed a novel pedigree study to estimate assortative mating intensity (the strength 
of phenotypic assortation) and heritability, using the expected resemblances between 
relatives and between in-laws. 





Chapter 2: Trait Variance Component Analysis 
 
2.1 Introduction 
In Chapter 1, I brought out the five key studies in the exploration of trait architecture, 
the first among which is trait variance component analysis. Trait variance component 
analysis reveals the proportion of trait variance contributed by different sources of 
variation, which precedes the follow-up trait architecture studies. One of the issues 
remaining in trait variance component studies, as mentioned in Chapter 1, is ignoring 
environmental contributions. Therefore, an important aspect of this research is to 
model the contributions of environmental effects shared within family on trait variance 
and tease apart those environmental effects from the confounding genetics associated 
with the pedigree to enable assessment of the latter, i.e. how much genetic variance is 
not captured by SNPs. 
Currently, large-cohort studies are a common trend in the genetic field. Inevitably, it 
is possible to recruit participants with known or unknown multiple degrees of 
relationship in the study. Therefore, confounding factors shared among relatives such 
as household effects might be present in the data structure. Removing confounding 
factors by means of taking related individuals completely out of the study greatly 
reduces the sample size, as well as the chance to fully investigate the causes of 
variation in the whole population, and thus is inadvisable. To accommodate large-
cohort studies with multiple degrees of relatives and make full use of the data, new 
methods are required. 
Consequently, in this chapter, I developed novel trait variance component analyses 
which model confounding environmental and genetic factors in the presence of 
relatives. In my model, trait variation is dissected into SNP-associated genetic effects, 
pedigree-associated genetic effects, nuclear family environment, couple environment, 
sibling environment and residuals. SNP-associated genetic effects refer to genetic 
variation attributed by common variants inherited from distant ancestors that are in 




Pedigree-associated genetic effects refer to genetic variation contributed by rare 
variants, copy number variants (CNVs), structural variants, etc. that cluster in specific 
families and are captured due to strong linkage in high-order pedigrees but are not in 
population-wide LD with common SNPs; nuclear family environment refers to 
environmental variation due to common environmental factors shared among nuclear 
family members (parents-offspring, siblings and couples) such as the household effect; 
couple environment refers to common environmental factors shared by partners 
(member of a couple) such as diet; common environmental factors shared between 
full-siblings such as rearing environment; and any other genetic or environmental 
factors unaccounted (the residual) in the model respectively. These five effects are the 
key elements in this thesis as they will be mentioned repeatedly in this and other 
chapters. 
My method was validated by simulation study. Subsequently, I applied my approach 
to 16 traits related to anthropometrics and cardio-metabolism, such as height, BMI and 
HDL, in a cohort consisting of ~20k individuals with recent Scottish descent. Details 
about methodology, simulation study, cohort description and results, as well as a 
review of trait component analysis and traits investigated, are published in a paper 
titled “Pedigree- and SNP-Associated Genetics and Recent Environment are the Major 
Contributors to Anthropometric and Cardiometabolic Trait Variation” in PLOS 
Genetics [100]. Here, I attached the manuscript as it was accepted by the journal in 
this chapter and attached the supplementary materials in Appendix. However, to 
comply with the naming of figures and tables through the whole thesis and thesis 






2.2 Publication: Pedigree- and SNP-Associated 
Genetics and Recent Environment are the Major 
Contributors to Anthropometric and Cardiometabolic 
Trait Variation  
2.2.1 Abstract 
Genome-wide association studies have successfully identified thousands of loci for a 
range of human complex traits and diseases. The proportion of phenotypic variance 
explained by significant associations is, however, limited. Given the same dense SNP 
panels, mixed model analyses capture a greater proportion of phenotypic variance than 
single SNP analyses but the total is generally still less than the genetic variance 
estimated from pedigree studies. Combining information from pedigree relationships 
and SNPs, we examined 16 complex anthropometric and cardiometabolic traits in a 
Scottish family-based cohort comprising up to 20,000 individuals genotyped for 
~520,000 common autosomal SNPs. The inclusion of related individuals provides the 
opportunity to also estimate the genetic variance associated with pedigree as well as 
the effects of common family environment. Trait variation was partitioned into SNP-
associated and pedigree-associated genetic variation, shared nuclear family 
environment, shared couple (partner) environment and shared full-sibling environment. 
Results demonstrate that trait heritabilities vary widely but, on average across traits, 
SNP-associated and pedigree-associated genetic effects each explain around half the 
genetic variance. For most traits the recently-shared environment of couples is also 
significant, accounting for ~11% of the phenotypic variance on average. On the other 
hand, the environment shared largely in the past by members of a nuclear family or by 
full-siblings, has a more limited impact. Our findings point to appropriate models to 
use in future studies as pedigree-associated genetic effects and couple environmental 
effects have seldom been taken into account in genotype-based analyses. Appropriate 
description of the trait variation could help understand causes of intra-individual 
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2.2.3 Author Summary 
Unravelling overall trait architecture of complex traits and diseases is important for 
phenotype prediction and disease prevention and correct modelling of the trait will 
further aid discovery of causative loci. Here we take advantage of genome-wide data 
and a large family-based study to examine the role of common genetic variants, 
pedigree-associated genetic variants, shared family environment, shared couple 
environment and shared sibling environment on 16 anthropometric and 
cardiometabolic traits. By analysing up to ~20,000 Scottish individuals, we find that 
common genetic variants, pedigree-associated genetic variants and recently-shared 
environment of couples are the most important contributors to variation in these traits, 
while past family and sibling environment have a limited impact. Further studies on 
the pedigree-associated genetic variation and the shared couple environment effect are 
needed, as little research has been devoted to them so far. 
 
2.2.4 Introduction 
Phenotypic variation for a quantitative trait is attributable to the summed effects of 
genetic and environmental influences together with any covariances and interactions. 
The proportion of phenotypic variance contributed by genetic variation is termed the 
heritability ( ℎ2 ) [93]. The heritability scales the influence of genetic and 
environmental factors on phenotypic variation. This provides us with insights into the 




ability to dissect out loci associated with trait variation and is also useful for the 
prediction of heritable disease risk [80,81]. As a consequence, such knowledge is of 
potential value for clinical diagnosis, therapy, prevention and prognosis [101]. 
Therefore, obtaining unbiased estimates of variation caused by different factors and 
the heritability of traits relevant to health and disease processes is important. 
A classic approach to gauging the heritability in humans is by comparing the observed 
phenotypic similarity to the expected genetic resemblance between relatives inferred 
from family pedigrees [102]. This method evaluates the pedigree based heritability 
(ℎ𝑝𝑒𝑑
2 ) indirectly without requiring information on the inheritance of individual loci 
and thus, is quite practical and still widely-used in twin, family and other pedigree 
studies [73,74]. Note that, ℎ𝑝𝑒𝑑
2   is often considered to be an estimate of the true 
heritability ℎ2. Genome-wide association studies (GWAS), on the contrary, identify 
causal loci through their association with recorded genetic markers and then aggregate 
the proportion of variance explained by statistically-significant variants [103,104], 
which is sometimes referred to as the “GWAS heritability” (ℎ𝐺𝑊𝐴𝑆
2 ). Each approach 
has its limitations and drawbacks. Pedigree studies require genealogical information 
from known relatives to deduce their expected genetic resemblance and ℎ𝑝𝑒𝑑
2  may be 
biased due to the factors shared among relatives (including dominance, epistasis, 
common environment, genetic-by-environment correlation and genetic-by- 
environment interaction) if such effects are present and the available pedigree structure 
does not allow these to be accounted for in the analysis [55,75,76]. Although GWAS 
have been very successful at discovering novel loci for a range of polygenic disease 
and complex traits, they have been less successful at capturing the full extent of known 
trait genetic variance [75,76]. This is probably because of their failure to detect 
particular types of variants such as common variants with small effects, rare variants, 
copy number variants and structural variants, as a consequence of inadequate sample 
size, genotyping platform design and analyses used, together with the stringent 
statistical tests applied [55,77,78]. As a result, there usually is a substantial gap 
between the estimates of ℎ𝑝𝑒𝑑
2  and ℎ𝐺𝑊𝐴𝑆





Recently, Yang et al. [51,52] have championed an approach, known as GREML [106], 
to estimate the amount of trait variance explained by SNPs. The estimation of the SNP 
(or genomic) heritability (ℎ𝑔
2), which refers to the additive genetic effects captured by 
genotyped SNPs, utilises a matrix comprising realised genetic relationships inferred 
from genomic marker data originally gathered for GWAS (known as genomic 
relationship matrix or GRM) [51,52]. The ℎ𝑔
2  estimate from this approach, when 
estimated using unrelated individuals, lies between the ℎ𝑝𝑒𝑑
2  and ℎ𝐺𝑊𝐴𝑆
2  estimates, and 
has been considered as a lower limit for the former and an upper limit for the latter 
[75,76]. As an example, for height, ℎ𝐺𝑊𝐴𝑆
2 , ℎ𝑔
2 and ℎ𝑝𝑒𝑑
2  from three different studies are 
0.10, 0.45 and 0.80 respectively [51,102,103]. This suggests that a substantial 
proportion of the genetic contribution to trait variation is SNP-associated and hence 
contributes to ℎ𝑔
2 but not all this variation is detected by current GWAS, probably due 
to a combination of insufficient sample size and stringent significant thresholds 
employed. The difference between ℎ𝑔
2 and ℎ𝑝𝑒𝑑
2  may be largely due to trait associated 
variants not in linkage disequilibrium (LD) with genotyped SNPs, such as rare variants, 
copy number variants (CNV) and other structural variants as mentioned above. 
Variation associated with such effects is captured by ℎ𝑝𝑒𝑑
2  due to strong LD in relatives 
[107].  
Recent studies have started dissecting the heritable component of variation and other 
components shared among relatives by studying more complex populations made-up 
of both unrelated individuals and extended pedigrees [75,76,107]. For instance, Zaitlen 
et al. [76] have demonstrated that simultaneously including in a GREML analysis a 
GRM and a modified GRM (in which entries smaller than a certain threshold in the 
GRM are set to zero) can be used to jointly estimate SNP-associated and total 
heritabilities in the presence of relatives. We also note that shared environment may 
be an important contributor to heritability inflation when close relatives are included 
in analysis. 
In this study, we use data from a single homogeneous cohort consisting of 
approximately 20,000 adults with varying degrees of relationships sampled from 
Scotland. The individuals have data on over 520,000 SNPs distributed across the 




information allows us to partition the phenotypic variance and explore the genetic and 
environmental effects shared among related individuals (both biological relatives and 
couples).  
We analyse eight anthropometric traits, comprising height, weight, fat, body mass 
index (BMI), hips, waist, waist-to-hips ratio (WHR) and a body shape index (ABSI) 
[108] and eight cardiometabolic traits, comprising levels of creatinine, urea, total 
cholesterol (TC) and high density lipoprotein (HDL) in serum, level of glucose in 
blood, systolic blood pressure (SBP), diastolic blood pressure (DBP) and heart rate 
(HR).  
In our work, we implement alternative models to estimate effects that might contribute 
to the variation in the 16 traits analysed. Results show that, with these data, we can 
separate total genetic variation into SNP-associated and pedigree-associated genetic 
influences. We also observe that past family environment and shared full-sibling 
environment generally have a limited impact on trait variation, whereas the effect in 
couples of living in the current (shared) environment is always important in our data.  
 
2.2.5 Results 
2.2.5.1 Overview of the Methods 
We conducted variance component analyses to dissect the phenotypic variation for 
traits recorded in the Generation Scotland: Scottish Family Health Study (GS:SFHS) 
cohort [21] into genetic and environmental factors. Analyses utilised a mixed-model 
approach implemented in a restricted maximum likelihood (REML) framework using 
the GCTA software [52]. The population was divided into two tranches of 
approximately equal size and genotyped in two stages. All initial analyses were 
performed with the first 10,000 genotyped individuals, (named GS10K). GS10K 
comprised small nuclear families (largely two parents and two offspring) together with 
unrelated individuals, although inevitably there were second degree and more distant 
relationships included. The second tranche completed the genotyping of the rest of the 
population (another 10,000 individuals) including further relatives in incomplete 




relationships), resulting particularly in a proportional increase in the number of second 
and third degree relationships (Table 2.1). To confirm results obtained from GS10K, 
some of the analyses were repeated in the whole 20,000 individual sample (named 
GS20K). 
 
Table 2.1 Comparisons of sample sizes, number of non-zero off-diagonal entries and 
number of pairwise relationships of different degrees between GS10K and GS20K. 
  GS10K GS20K Ratio 
No. IDs 9,863 20,032 1 : 2.03 
Matrix No. Non-Zero Off-diagonal Entries a Ratio 
G 48,634,453 b 200,630,496 1 : 4.13 
K 8,080 41,174 1 : 5.10 
F 4,821 20,115 1 : 4.17 
C 1,283 1,767 1 : 1.38 
S 676 8,495 1 : 12.57 
Degree of Relationship c No. Pairs Ratio 
1st degree relatives 3,529 18,320 1 : 5.19 
2nd degree relatives 441 7,851 1 : 17.80 
3rd degree relatives 500 4,129 1 : 8.26 
4th degree relatives 1,099 3,950 1 : 3.59 
5th degree relatives 3,891 11,032 1 : 2.84 
unrelated individuals 48,624,993 200,585,162 1 : 4.13 
a The number of off-diagonal entries is calculated in the lower triangular part of all the 
matrices 
b For matrix G, all the off-diagonal entries are different from zero, so the value represents 
the total number of off-diagonal entries 
c Distance of relationship is identified according to an approximate range of the expected 





We first explored the extent to which estimates of ℎ𝑔
2 were inflated by the inclusion of 
relatives. We subsequently analysed our data allowing trait variation to be potentially 
influenced by both genetic and environmental effects. We assumed that the genetic 
effects comprised additive genetic effects associated with genotyped SNPs (ℎ𝑔
2) and 
additional additive genetic effects associated with pedigree but not with genotyped 
SNPs (ℎ𝑘𝑖𝑛
2 ), and we assumed that the environmental effects potentially comprised 
nuclear family effects (𝑒𝑓
2) common to both parents and offspring, full-sibling effects 
(𝑒𝑠
2) common to just siblings and couple effects (𝑒𝑐
2) common to just the members of 
a couple (Figure 2.1). The total heritability, termed ℎ𝑔𝑘𝑖𝑛
2  in this manuscript, referred 
to  as ℎ𝐼𝐵𝑆>𝑡∗
2  in Zaitlen et al. [76] and comparable to ℎ𝑝𝑒𝑑
2  from traditional pedigree 
studies, was estimated as the sum of ℎ𝑔
2 and ℎ𝑘𝑖𝑛
2  for each model. To allow estimation 
of the influence of each effect, we generated five design matrices: 𝐆𝐑𝐌𝐠, 𝐆𝐑𝐌𝐤𝐢𝐧, 
𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 , 𝐄𝐑𝐌𝐒𝐢𝐛  and 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞  respectively, where GRM refers to genomic 
relationship matrices and ERM refers to environmental relationship matrices. 
For brevity, we named different alternative models using abbreviations according to 
first subscript letter of the effects examined. We coded ‘G’ for 𝐆𝐑𝐌𝐠, ‘K’ for 𝐆𝐑𝐌𝐤𝐢𝐧, 
‘F’ for 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 , ‘S’ for 𝐄𝐑𝐌𝐒𝐢𝐛  and ‘C’ for 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞  –e.g. model ‘GKC’=
𝐆𝐑𝐌𝐠 + 𝐆𝐑𝐌𝐤𝐢𝐧 + 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 . All models included a residual matrix (allowing 
effects specific to an individual that were not shared with any other member of the 
population). 
We identified the most appropriate model for each trait by a stepwise model selection 
process via removing non-significant components from the full model based on a Wald 
test of their estimated effect and a likelihood ratio test (LRT), and we estimated the 
effects of significant factors using the selected models in GS10K. We repeated the 
model selection and corresponding variance component analyses in GS20K to identify 
differences resulting from analysing a more complex population structure, 





Figure 2.1 Illustration of the model and matrices 
 
The diagram shows the relationship between the tested genetic/environmental effect 
and the individuals in an example pedigree. Each colour represents a specific effect 
and individuals affected by that effect are circled with that colour. People in grey or 
black are the people not in or in the data. Examples of how the relationship matrices 




More details about traits, matrices and models are given in Material and Methods and 
Table S2.1 and Table S2.2. In the main manuscript, we only list results for the final 
models identified by the model selection procedure and the full model, but a 
comprehensive list of estimates obtained for the different effects for each trait and each 
model is available in Table S2.3 and Table S2.4.  
Model robustness and the effectiveness of the model selection were tested using 
simulated data based on GS10K.  
 
2.2.5.2 Simulation Study: Robustness of the Models 
We conducted a simulation study using real genotype and pedigree information from 
GS10K to evaluate the robustness of our models. To make computation feasible, we 
mainly focused on data simulated under the simplest and most complex models 
(models ‘G’, ‘K’, ‘F’, ‘S’, ‘C’, ‘GK’, ‘GF’ and ‘GKSC’) and those representing the 
commonest conclusions of model selection in analyses of the real GS10K data (models 
‘GF’, ‘GFS’, ‘GKC’ and ‘GKSC’). Table S2.5 shows the simulated and observed 
values for each parameter as well as the model we used for analyses in different 
scenarios. 
In the first scenario, we examined the performance of our models (models ‘G’, ‘K’, 
‘F’, ‘S’ and ‘C’) when simulated phenotypes were only contributed by one of the five 
corresponding effects plus residual variation. Under these models (Table S2.5), the 
mean of overall estimates per parameter was very close to its simulated value, 
indicating that our design matrices 𝐆𝐑𝐌𝐠 , 𝐆𝐑𝐌𝐤𝐢𝐧 , 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 , 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞  and 
𝐄𝐑𝐌𝐒𝐢𝐛 worked well in simple models and were able to capture their corresponding 
effects even when the simulated variance associated with an effect was low ( 3%). 
In the second scenario, we evaluated the performance of our models (models ‘GK’ and 
‘GF’) when the simulated phenotypes were determined by SNP-associated genetic 
effects and one of the familial effects (either pedigree-associated genetics or nuclear 
family environment) plus residual variation. Results (Table S2.5) indicate that, in 
cohort with familial structure, failure to account for or inaccurate modelling of familial 




result in upward bias for ℎ𝑔
2 in the presence of relatives. However, this upward bias 
due to the confounding familial factors could be eliminated by either excluding 
nominally related individuals or using the appropriate models for analysis. The former 
method removes the ability to estimate the familial effects as well as reducing the 
sample size, whereas using the appropriate models, estimates obtained were very close 
to their parameter settings and gave a good idea of the magnitude and approximate 
values of SNP and familial effects as well as the total proportion of variance explained 
by additive genetics (ℎ𝑔𝑘𝑖𝑛
2 = ℎ𝑔
2 + ℎ𝑘𝑖𝑛
2 ), despite the fact that the means of estimates 
of ℎ𝑔
2 , ℎ𝑘𝑖𝑛
2  and 𝑒𝑓
2  were usually significantly different from the original parameter 
settings. 
In the third scenario, we inspected the performance of the full model ‘GKFSC’ and 
models selected from analyses of real phenotypes in GS10K other than ‘GF’ (models 
‘GFS’, ‘GKC’ and ‘GKCS’). Results (Table S2.5) demonstrate that all models were 
robust in terms of the mean of overall estimates per parameter being either unbiased 
or very close to original settings. 
Figure 2.2 summarizes the main results from these simulations, showing the overall 
performance of our design matrices from simple models to complex models.  
The median of estimates for each component was unbiased across simple and complex 
models, however, the estimates for ℎ𝑘𝑖𝑛
2 , 𝑒𝑓
2  and 𝑒𝑐
2  were quite variable in the full 
model, probably due to limitations imposed by the data structure. All of the above 






Figure 2.2 Boxplots for estimates of each component obtained from models ‘G’, ‘K’, 
‘F’, ‘S’, ‘C’, ‘GK’, ‘GKC’, ‘GKSC ’and ‘GKFSC’ 
 
X-axis: the contributors to the 
simulated phenotype and the model 
used (matched model); Y-axis: 
proportion of total phenotypic 
variance captured by each design 
matrix. Yellow lines: simulated 






2 =0.1 and 
𝑒𝑓
2 =0.05. For example, the 2nd 
boxplot of the 3rd graph means that, 
the simulated phenotypes are 
contributed by 30%, 20%, 10% and 
40% of SNP-associated, pedigree-
associated, couple environmental 
and residual effects respectively; 
we conducted variance component 
analyses for all replicates using the 
matched model ‘ 𝐆𝐊𝐂 ’ and the 
estimates of 𝑒𝑐
2  range from about 





2.2.5.3 Simulation Study: Effectiveness of the Model Selection Procedure 
Although we confirmed that our models were robust (Table S2.5 and Figure 2.2), the 
potentially high correlation between 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 matrix and combined 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 and 
𝐆𝐑𝐌𝐤𝐢𝐧  matrices may make it challenging to jointly estimate ℎ𝑘𝑖𝑛
2 , 𝑒𝑓
2  and 𝑒𝑐
2 
accurately in our sample as the standard errors for those parameter estimates obtained 
from the full model were high (Table S2.4). Thus the most challenging part of our 
study may be to precisely dissect pedigree-associated genetic effects, shared nuclear 
family environment and shared couple environment. Therefore, we performed model 
selection using simulated data to test our model selection procedure where simulated 
phenotypes were contributed by moderate SNP-associated genetic effects and low 
sibling environmental effects plus a) moderate nuclear family environmental effects 
but low pedigree-associated genetic effects and couple environmental effects; b) low 
nuclear family environmental effects but moderate pedigree-associated genetic effects 
and couple environmental effects; or c) moderate nuclear family environmental effects, 
pedigree-associated genetic effects and couple environmental effects. All scenarios 
included residual variation. 
Table S2.6 shows the parameter settings and the summary of model selection 
procedure performance for these scenarios. We expected that our model selection 
procedure was able to identify SNP genetics (𝐆𝐑𝐌𝐠) and nuclear family environment 
(𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 ) or SNP and pedigree genetics (𝐆𝐑𝐌𝐤𝐢𝐧 ) and couple environment 
(𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞) or SNP and pedigree genetics and nuclear family and couple environment 
accordingly, since they were the major factors in each corresponding scenario. 
As results demonstrated, in all situations our model selection procedure generally (≥
80%) selected the appropriate model which contains all major components of 
phenotypic variation. The remaining times in the first two of these scenarios, pedigree-
associated genetic effects or those plus shared couple environment were selected 
instead of nuclear family environmental effects or vice versa, and in the remaining two 
replicates in the third of these scenarios we missed pedigree-associated genetic effects. 
In addition, our model selection never fully detected all minor contributions to the 
phenotype in the first two of these scenarios when the minor effects were too small 




Both issues identified above (~20% chance of selecting inappropriate models and 
failure to identify all minor effects) are likely to have been due to limitations in the 
data structure of GS10K, which provides too few of the appropriate relationships for 
corresponding effects (pedigree-associated genetics, nuclear family, sibling and 
couple environment) to resolve correlations between parameters and detect minor 
effects. These limitations have been greatly ameliorated in the GS20K data. 
We also conducted variance component analyses using the final selected model for 
each replicate (Table S2.6). For those replicates that had appropriate models after 
model selection, the estimates of factors that remained in the models were usually close 
to, and not significantly different from, their simulated values, indicating that the 
results from selected models were reliable. More details about simulation study can be 
found in Text S2.1, Table S2.5 and Table S2.6. 
 
2.2.5.4 Impact of Inclusion of 1st Degree Relatives on the Genomic Heritability 
in GS10K 
In the first analyses of the real data, we looked for evidence of familial effects (either 
pedigree-associated genetics or nuclear family environment) in our cohort. As shown 
by simulation (Table S2.5), if there were any familial effects, we should obtain inflated 
estimates of ℎ𝑔
2 when we conducted variance component analyses using model ‘G’ in 
the presence of relatives, compared to the estimates of ℎ𝑔
2 given from the unrelated 
subpopulation. GS10K consists of nearly 10,000 genotyped individuals with multiple 
degrees of relationship, which allows us to explore the impact of familial effects on ℎ𝑔
2 
estimation in this cohort. 
Table 2.1 shows the population structure of genotyped individuals in GS10K. The 
degree of relationship between two individuals was identified according to an 
approximate range of the expected pair-wise relatedness (𝑟), which was from 0.5i-0.5 
to 0.5i+0.5 for ith degree relatives (e.g. pairs of individuals with relatedness from 0.354 
to 0.707 were considered as 1st degree relatives).  
With these criteria, GS10K consisted of more than 3,500 pairs of 1st degree relatives, 




of individuals (over 99.9%) were genetically unrelated (more distant than 5th degree 
relatives, 𝑟 ≤ 0.022). In total, there were around 6,600 unrelated individuals (defined 
using the criteria described above) in GS10K.  
We estimated ℎ𝑔
2 for each trait using model ‘G’ for subpopulations of GS10K made-
up of individuals with different degrees of relatedness (using the upper bound of the 
expected relatedness of each category as GRM cut-off points in GCTA). Figure 2.3 
shows how ℎ𝑔
2  estimates for height, BMI and HDL changed as we progressively 
included more closely related individuals in the relationship matrix. Results for the 
remaining traits are shown in Table S2.3.  
 
Figure 2.3 Heritability estimates using subpopulations of GS10K with different GRM 
cut-off points.  
 
X-axis: the number of individuals among whom the pairwise relationship is larger than 






2  estimates were stable as we gradually added more closely related 
individuals in the analyses until the inclusion of 1st degree relatives that resulted in 
inflation of the estimates (Figure 2.3 and Table S2.3). Based on our results, ℎ𝑔
2 was 
overestimated only when 1st degree relatives were included. For glucose and DBP, the 
ℎ𝑔
2 estimates did not appear inflated after 1st degree relatives were included, suggesting 
that these traits were not affected by familial effects (Table S2.3). 
 
2.2.5.5 Variance Component Analyses using the Full Model ‘GKFSC’ and 
Stepwise Model Selection in GS10K 
The increase in ℎ𝑔
2  estimates resulting from the inclusion of 1st degree relatives 
provided evidence of familial variation in our cohort. However, it is not clear whether 
these familial effects are due to pedigree-associated genetic effects or shared nuclear 
family environment or both because either of them has the ability to inflate ℎ𝑔
2 
estimates (this was also observed in the simulation data: Table S2.5: scenario ii). 
Therefore, we attempted to tease out this familial variance from the total phenotypic 
variance and dissect the familial variation as well as the remaining trait variation 
further using the full model ‘GKFSC’ and the stepwise selection procedure to define 
a final model containing the most important effects contributing to trait variation.  
Table 2.2 shows the results for final models selected from stepwise model selection 
strategies and for the proportions of total phenotypic variance explained by different 





Table 2.2 Results of variance component analyses for anthropometric and 
cardiometabolic traits using final models selected from the stepwise model selection 
and the full model in GS10K 
 
Trait Model 
GRMg GRMkin ERMFamily ERMSib ERMCouple 
h2g (s.e.) h2kin (s.e.) ef2 (s.e.) es2 (s.e.) ec2 (s.e.) 
Anthropometric Traits 
Height Selected GKC 0.47(0.04) 0.36(0.05)     0.16(0.03) 









Weight Selected GF 0.28(0.03)   0.18(0.02)    









Fat Selected GKC 0.26(0.04) 0.26(0.06)     0.19(0.03) 








BMI Selected GKC 0.25(0.04) 0.33(0.05)   0.21(0.03) 








Hips Selected GKC 0.21(0.04) 0.27(0.06)     0.17(0.03) 









Waist Selected GKC 0.16(0.04) 0.36(0.06)   0.20(0.03) 








WHR Selected GKC 0.15(0.04) 0.19(0.06)     0.09(0.03) 









ABSI Selected GKC 0.10(0.04) 0.19(0.06)   0.05(0.03) 














Urea Selected GF 0.13(0.03)  0.10(0.02)   










Selected GKSC 0.24(0.04) 0.45(0.05)  0.07(0.03) 0.16(0.03) 








Selected GC 0.19(0.03)       0.05(0.03) 








TC Selected GFS 0.17(0.03)  0.09(0.02) 0.12(0.04)  








HDL Selected GKC 0.30(0.04) 0.26(0.05)     0.15(0.03) 









SBP Selected GKC 0.15(0.04) 0.13(0.06)   0.10(0.03) 









DBP Selected GC 0.17(0.03)       0.09(0.03) 









HR Selected GF 0.14(0.03)  0.10(0.02)   











NS Not significant. That variance component is non-significant according to LRT with p-value > 
0.05. 
NA Not available. Cannot test the significance of that variance component because the failure in 











2 across all traits in the full model were 
0.18, 0.22, 0.03, 0.03 and 0.11, respectively. However, the majority of estimates for 
parameters other than ℎ𝑔
2 obtained using the full model were not significantly different 
from zero according to either the Wald test or LRT performed and had large standard 
errors in general. These results suggest that the full model ‘GKFSC’ may suffer from 
the inclusion of correlated factors, as foreseen in the simulation study, probably due to 
a low number of different types of pairwise relationship in GS10K. 
Therefore, we utilised a model selection procedure designed to provide more precise 
estimates of the parameters retained in a more robust and parsimonious final model, 
where the least significant effects are removed from the model. More details about the 
selection procedure are given in Material and Methods. We have demonstrated the 
effectiveness of our model selection procedure by simulation in the previous section 
and Table S2.6.  
As shown in Table 2.2, SNP-associated genetic effects (represented by 𝐆𝐑𝐌𝐠) were 
retained in the final models for all 16 traits, indicating that all traits examined here are 
heritable. Regarding variation associated with families, pedigree-associated genetic 
effects (represented by 𝐆𝐑𝐌𝐤𝐢𝐧 ) and nuclear family environmental effects 
(represented by 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲) were retained in the final models for 10 and 4 out of 16 
traits respectively. However, in GS10K, the data structure did not allow for both 
familial effects to be retained together in the final models for any trait. Additionally, 
the final models for glucose and DBP included neither 𝐆𝐑𝐌𝐤𝐢𝐧 nor 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲, which 
is consistent with the previous conclusion derived from Table S2.3, suggesting that 
familial effects may be limited for these traits. 
The additional environmental influences of couple environmental effects (represented 
by 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞) were retained in the final models for 12 out of 16 traits and sibling 
environmental effects (represented by 𝐄𝐑𝐌𝐒𝐢𝐛) only remained for creatinine and TC.  
Although the final model varied between traits, the model ‘GKC’ was most often 
selected (9 out of 16 traits) in the model selection procedure in GS10K. Therefore, this 
suggests that the common environment shared by couples, SNP-associated and 




of the human complex traits we examined, while the shared family and full-sibling 
environment have a more limited impact 
SNP-associated genetic effects (𝐆𝐑𝐌𝐠) in the final models provided estimates of ℎ𝑔
2 
ranging between 0.10 and 0.30 with a mean of 0.19 for the 15 traits, excepting height 
for which nearly half of its phenotypic variation (0.47) was SNP-associated.  
For the 10 traits that retained pedigree-associated genetic effects (𝐆𝐑𝐌𝐤𝐢𝐧) in the final 
models, the estimates of ℎ𝑘𝑖𝑛
2  ranged from 0.13 to 0.36 with a mean of 0.26, except for 
creatinine for which nearly half of its phenotypic variation (0.45) was pedigree-
associated. For the 10 traits that retained both 𝐆𝐑𝐌𝐠 and 𝐆𝐑𝐌𝐤𝐢𝐧 in the final models, 
the estimates of ℎ𝑘𝑖𝑛
2  accounted for 56% of the total heritability (ℎ𝑔𝑘𝑖𝑛
2 = ℎ𝑔
2 + ℎ𝑘𝑖𝑛
2 ).  
Regarding nuclear family environmental effects, the estimates of 𝑒𝑓
2 for 4 traits that 
retained 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 in the final models were of 18% for anthropometric and of 10% 
for cardiometabolic traits. 
Creatinine and TC were the only two traits for which the common sibling environment 
(𝐄𝐑𝐌𝐒𝐢𝐛 ) was kept in the final models, and 𝑒𝑠
2  contributed 7% and 12% of their 
phenotypic variance respectively.  
For those 12 traits that demonstrated evidence of couple effects (i.e. retained 
𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 in the final models), 𝑒𝑐
2 accounted for 13.5% of the phenotypic variance 
on average (of 15% for anthropometric traits and of 11% for cardiometabolic traits).  
Compared to the results from the full model in Table 2.2, using the selected final 
models provided similar but more precise (i.e. with smaller standard errors) parameter 
estimates. Therefore, whereas the full models gave a general picture of the important 
components in the architecture of the traits, the final selected models provided a 





2.2.5.6 Results for Model Selection and Corresponding Variance Component 
Estimates in GS20K Analyses 
We added an extra 10,000 genotyped and phenotyped individuals from the same 
population, providing 20,000 individuals in total, in order to confirm and build upon 
the results of the model selection in a more complex data set. The difference in sample 
sizes and numbers of different relationships between GS10K and GS20K is shown in 
Table 2.1. The extra 10,000 genotyped individuals in GS20K consisted mainly of the 
relatives of those already genotyped in GS10K, which substantially increased the 
proportion of 2nd and 3rd degree and sibling relationships in GS20K. We repeated the 
model selection procedure and corresponding variance component analyses using 
selected models in GS20K to identify changes resulting from the increased complexity 
and sample size of the population. 
Results for model selection and variance component analyses using the final selected 
model as well as the full model are shown in Table 2.3. In general, the parameter 
estimates obtained from the full model in GS20K were similar to those obtained from 
the full model in GS10K but the number of non-significant estimates were much lower 
due to smaller standard errors. Note that standard errors of estimates are not only 
reduced using GS20K, but, unlike results from GS10K in Table 2.2, are also similar 
between full and reduced models, suggesting the change is due to improved structure 
of the data to separate effects as well as increased sample size. 
The final models selected from model selection in GS20K were generally similar to 
those in GS10K, but, owing to the presence of more nuclear family members and 
siblings in GS20K, we now had better power to detect the past environmental effects 
(either nuclear family environment or sibling environment), although the estimated 






Table 2.3 Results of variance component analyses for anthropometric and 
cardiometabolic traits using final models selected from the stepwise model selection 
and the full model in GS20K 
 
Trait Model 








Height Selected GKFC 0.43(0.02) 0.45(0.04) 0.01(0.02)   0.12(0.02) 
 Full GKFSC 0.43(0.02) 0.44(0.04) 0.01(0.02) 0.01(0.01)
NS 0.11(0.02)NS 
Weight Selected GKFC 0.27(0.02) 0.27(0.05) 0.05(0.02)  0.13(0.03) 
 Full GKFSC 0.27(0.02) 0.27(0.05) 0.04(0.02)
NS 0.02(0.01)NS 0.13(0.03) 
Fat Selected GKSC 0.24(0.02) 0.25(0.05)   0.04(0.01) 0.19(0.02) 
 Full GKFSC 0.24(0.02) 0.22(0.05) 0.02(0.02)
NS 0.03(0.01) 0.17(0.03) 
BMI Selected GKFC 0.25(0.02) 0.23(0.05) 0.05(0.02)  0.15(0.03) 
 Full GKFSC 0.25(0.02) 0.23(0.05) 0.04(0.02) 0.01(0.01)
NS 0.15(0.03) 
Hips Selected GKFC 0.22(0.02) 0.20(0.05) 0.05(0.02)   0.12(0.03) 
 Full GKFSC 0.22(0.02) 0.20(0.05) 0.05(0.03) 0.01(0.01)
NS 0.12(0.03) 
Waist Selected GKSC 0.19(0.02) 0.31(0.03)  0.04(0.01) 0.18(0.02) 
 Full GKFSC 0.19(0.02) 0.25(0.05) 0.03(0.02)
NS 0.03(0.01) 0.15(0.03) 
WHR Selected GKSC 0.11(0.02) 0.19(0.03)   0.04(0.02) 0.08(0.03) 
 Full GKFSC 0.11(0.02) 0.22(0.05) 0.00(0.03)
NS 0.03(0.02) 0.09(0.03) 
ABSI Selected GKSC 0.11(0.02) 0.21(0.03)  0.03(0.02) 0.05(0.03) 
  Full GKFSC 0.10(0.02) 0.24(0.05) 0.00(0.03)NS 0.02(0.02)NS 0.07(0.03)NS 





Urea Selected GKSC 0.15(0.02) 0.10(0.03)   0.03(0.02) 0.13(0.03) 







Creatinine Selected GKSC 0.23(0.02) 0.37(0.03)  0.07(0.01) 0.11(0.02) 






Glucose Selected GSC 0.17(0.02)     0.05(0.01) 0.05(0.02) 







TC Selected GKSC 0.19(0.02) 0.14(0.03)  0.07(0.02) 0.06(0.02) 






HDL Selected GKSC 0.27(0.02) 0.29(0.03)   0.03(0.01) 0.13(0.02) 




SBP Selected GKSC 0.12(0.02) 0.07(0.03)  0.07(0.02) 0.09(0.02) 





DBP Selected GSC 0.16(0.02)     0.08(0.01) 0.09(0.02) 





HR Selected GKSC 0.14(0.02) 0.12(0.03)  0.04(0.02) 0.07(0.02) 











Moreover, due to an increased number and higher proportion of 2nd and 3rd degree 
relatives, we had better resolution for familial effects in GS20K. Pedigree-associated 
genetics and nuclear family environment were now separable and the data structure in 
GS20K can provide sufficient evidence for both types of familial effects. For weight, 
urea, TC and HR, familial effects switched from nuclear family environment in GS10K 
to pedigree-associated genetics or pedigree-associated genetics plus nuclear family 
environment in GS20K. However, as in GS10K (Table 2.2 and Table S2.3), there was 
still no evidence of either genetic or environmental familial effects for glucose and 
DBP in GS20K. The results from final selected models in GS20K are summarized in 
Figure 2.4.  
The heritability estimate is nearly 90%, 60% and 60% for height, creatinine and HDL 
respectively, and for the remaining anthropometric and cardiometabolic traits, it 
ranges from 30%-50% and 20-30% for the two types of trait, respectively (Figure 2.4b). 
Although the proportion of genetic variance explained by SNP-associated and 
pedigree-associated genetic effects varies across traits, each genetic effect explains 
around 50% of the genetic variance on average (Figure 2.4c). In GS20K, the most 
commonly selected model was ‘GKCS’ (10 out of 16 times, Figure 2.4a and Table 
2.3). SNP-associated genetic effects, pedigree-associated genetic effects, sibling 
environment and couple environment appeared in the final models for 16, 14, 12 and 





traits which retained corresponding matrices ( 𝐆𝐑𝐌𝐠 , 𝐆𝐑𝐌𝐤𝐢𝐧 , 𝐄𝐑𝐌𝐒𝐢𝐛  and 
𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞  respectively) in the final models were of 0.20, 0.23, 0.05 and 0.11 
respectively (Figure 2.4a and Table 2.3). For the nuclear family environment, the mean 
of estimates for 𝑒𝑓
2 for 4 traits which retained 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 in final models was of 0.04 
(Figure 2.4a and Table 2.3). On average across traits, our environmental matrices and 
the final selected models retained through our model selection procedure could explain 







Figure 2.4 Results of variance component analysis using final selected models for 
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The major change in GS20K compared to GS10K is the significant evidence of effects 
of the sibling environment, particularly for cardiometabolic traits, resulting from the 
higher proportion of sibling relationships in GS20K (more than 12 times compared to 
GS10K, Table 2.1). However, the sibling effects were only 5% on average and were 
still relatively low compared to genetic effects and couple environment. Therefore, 
despite the change in population structure in GS20K, the major components for 
anthropometric and cardiometabolic traits were SNP-associated and pedigree-
associated genetic effects and couple environment as they were in GS10K (Table 2.2).  
 
2.2.6 Discussion 
The aim of this study was to better understand the architecture of human complex traits 
by dissecting phenotypic variation into SNP-associated additive genetic variation (ℎ𝑔
2), 
pedigree-associated genetic variation (ℎ𝑘𝑖𝑛
2 ) and environmental influences of common 
environment shared by nuclear family members (𝑒𝑓
2), full-siblings (𝑒𝑠
2) and couples 
(𝑒𝑐
2). We generated five design matrices 𝐆𝐑𝐌𝐠 , 𝐆𝐑𝐌𝐤𝐢𝐧 , 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 , 𝐄𝐑𝐌𝐒𝐢𝐛  and 
𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞  to describe the five effects and we examined 16 human complex traits 
using genome-wide genotype data and genealogical information in the Generation 
Scotland: Scottish Family Health study (GS:SFHS) comprising samples from up to 
20,000 individuals. 
The results of these analyses suggest that SNP-associated genetic effects, pedigree-
associated genetic effects and current environment shared by couples were the major 
contributors to phenotypic variation for anthropometric and cardiometabolic traits. 
Past environmental influences, such as shared sibling environment or nuclear family 
environment, made relatively small or undetectable contributions to trait variation 
(Table 2.2 and Table 2.3). The relative importance of a couple or spousal effect for 
most traits was also noted by Liu et al. [15], in analyses based only on pedigree 
relationships, although they did not find a significant spousal effect for cholesterol, 
HDL or glucose for which a significant couple effect was detected in this study.  
Considering the low number of non-zero off-diagonal entries in 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 (1,283 or 




did observe significant phenotypic correlation between couple pairs for almost all traits 
in our data (Table S2.7). For some traits this presumably represents current shared 
environment due to cohabitation, such as living habits and diet. For traits related to 
obesity, it is reasonable that current environmental effects are more important than past 
environmental effects since traits like BMI, fat, HDL and blood pressure are 
potentially influenced by recent food intake, exercise and medical treatment.  
It should be noted that in our sample participants have an average age of ~50 years and 
individuals currently sharing a common household environment will largely be 
couples, whereas most individuals involved in sibling and parent-offspring 
relationships will no longer be cohabiting at the point when the data were recorded. It 
has been previously reported in obesity studies that common childhood environment 
only affects individuals in their mid-childhood but the influence does not last past 
adolescence [23,24]. Therefore, although the impacts of nuclear family or sibling 
environmental effects on the 16 traits we examined were relatively small, family and 
sibling environmental effects could be more important in younger cohorts and might 
be of greater importance for other complex traits and diseases where long-term 
environment may have an influence on a phenotype that is relatively stable over time. 
For some traits, the most obvious example being height, couple effects may also, in 
part or completely, reflect assortative mating. A study by Keller et al. has shown that 
ℎ2 estimate for height would be 13% higher with assortative mating than it would have 
been under random mating [109]. If there was assortative mating for any of the traits 
which retained 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 in final models but we modelled the couple correlation as 
an environmental effect, we would expect to obtain biased 𝑒𝑐
2 estimates. Moreover, 
modelling assortative mating as an environmental effect removes variance from the 
residual (“error”) variance. We therefore might obtain an inflated ℎ𝑔
2 estimate if we 
have not taken assortative matting into account and reduce the residual variance as a 
consequence of modelling assortative matting as an environmental effect. In addition, 
assortative mating will have consequences for our interpretation of GWAS results as 
the combined effect of detected loci on the trait variance will be greater than the sum 
of the effects of the individual loci due to the positive correlations between loci. 




marriage, for most traits it is difficult to determine whether assortative mating and/or 
shared environment are responsible for observed phenotypic correlations between 
couples. 
Shared sibling environment was undetected for most of the traits in GS10K (Table 2.2), 
whereas there was significant evidence of it for many traits in GS20K (Table 2.3), 
indicating that the detection power of sibling environment benefits from the increase 
in number and proportion of sibling relationships (Table 2.1). Sibling effects, where 
detected, explained 5%, on average, of the trait variation. Estimated sibling effects 
may be inflated by non-additive genetics, (i.e. dominance and epistasis). As sibling 
effects only capture a fraction of the non-additive variation, the actual variation 
contributed by non-additive genetics might potentially be large and would merit 
further study. 
Our analyses split the genetic variation approximately equally on average across traits 
between that which was associated with SNPs (ℎ𝑔
2) and that which was associated with 
pedigree (ℎ𝑘𝑖𝑛
2 ). A plausible interpretation for the division of genetic effects into ℎ𝑔
2 
and ℎ𝑘𝑖𝑛
2  is that ℎ𝑔
2  is able to explain the genetic variation attributed by common 
variants inherited from distant ancestors that are in LD at the population level and are 
well captured due to association with genotyped SNPs [76]. On the other hand, ℎ𝑘𝑖𝑛
2  
accounts for the genetic variation due to rare variants, CNVs and other structural 
variation, etc. that cluster in specific families and are captured due to strong linkage in 
high-order pedigrees but are not in population-wide LD with common SNPs.  
We compared ℎ𝑔
2  and ℎ𝑔𝑘𝑖𝑛
2  (calculated as ℎ𝑔
2 + ℎ𝑘𝑖𝑛
2 ) estimates obtained in final 
models from model selection in GS20K to two relevant publications from Zaitlen et 
al. [76] and Vattikuti et al. [107] that also explored the influence of including relatives 
on ℎ2 estimation in family-based studies and compared ℎ𝑔𝑘𝑖𝑛
2  estimates obtained in 
final models in GS20K to published twin studies [73,110-117]. Comparisons are 





Table 2.4 Comparisons of the results from final models in GS20K to previous 
published results 
Family-based GREML Studies 
Trait 






𝟐 a (s.e.) 
Height 0.43(0.02) 0.88(0.03) 0.40 [76] 0.69 [76] 
BMI 0.25(0.02) 0.48(0.04) 0.14-0.23 [76,107] 0.34-0.42 [76,107] 
WHR 0.11(0.02) 0.30(0.03) 0.06-0.13 [76,107] 0.19-0.28 [76,107] 
Glucose 0.17(0.02) 0.17(0.02) 0.10 [107] 0.33 [107] 
HDL 0.27(0.02) 0.56(0.03) 0.12-0.24 [76,107] 0.45-0.48 [76,107] 
SBP 0.12(0.02) 0.19(0.03) 0.24 [107] 0.30 [107] 
Twin Studies 
Trait 
 Final models Publications 
𝒉𝒈𝒌𝒊𝒏
𝟐  (s.e.) 𝒉𝒑𝒆𝒅
𝟐  (s.e.) 
Height 0.88(0.03) 0.89 - 0.93 [73] 
Weight 0.54(0.04) 0.64-0.84 [110] 
Fat 0.49(0.04) 0.59-0.63 [111] 
BMI 0.48(0.04) 0.48-0.61 [112] 
Hips 0.42(0.04) 0.52-0.58 [111] 
Waist 0.50(0.03) 0.46 [113] 
WHR 0.30(0.03) 0.31 [113] 
Urea 0.25(0.03) 0.36-0.54 [115] 
Creatinine 0.60(0.03) 0.37 [114] 
Glucose 0.17(0.02) 0.45 [116] 
TC 0.33(0.03) 0.46-0.57 [112] 
HDL 0.56(0.03) 0.50-0.62 [112] 
SBP 0.19(0.03) 0.57 [117] 
DBP 0.16(0.02) 0.45 [117] 
HR 0.26(0.03) 0.64 [117] 
a ℎ𝑔𝑘𝑖𝑛
2  is an equivalent estimate to ℎ𝑝𝑒𝑑




When comparing with two family-based GREML studies (Table 2.4), our ℎ𝑔
2  and 
ℎ𝑔𝑘𝑖𝑛
2  estimates from final models are generally higher than published relevant results, 
except for the ℎ𝑔
2 estimate for SBP and the ℎ𝑔𝑘𝑖𝑛
2  estimates for glucose and SBP. When 
comparing with twin studies (Table 2.4), our ℎ𝑔𝑘𝑖𝑛
2  estimates for all anthropometric 
traits, urea, TC and HDL given by final selected models in GS20K are reasonably close 
to reported ℎ𝑝𝑒𝑑
2  estimates, which suggests little missing heritability. Hence, our 
results provide no evidence that heritabilities given by previous twin studies were 
inflated for these traits. For glucose, SBP, DBP and HR, however, our ℎ𝑔𝑘𝑖𝑛
2  estimates 
are significantly lower than previously published estimates of ℎ𝑝𝑒𝑑
2 , whereas for 
creatinine, ℎ𝑔𝑘𝑖𝑛
2  is significantly larger.  
To validate the analytical approach used in this study and to evaluate model robustness, 
we conducted a detailed simulation study using real genotype and pedigree 
information obtained from GS10K. The simulation results confirmed that our models 
were generally robust (Table S2.5). However, the inevitable correlations between our 
design matrices can, under some circumstances, make it challenging to partition 
variance for correlated factors in variance component analyses and accurately 
discriminate between competing models in model selection. Nonetheless, any 
influence of inaccurately partitioning variance among correlated matrices was 
relatively limited and our models were always able to provide us with a good idea of 
the magnitude of corresponding effects as the mean estimate for each parameter was 
always very close the simulated settings when the model used for analysis matched the 
simulated sources of trait variation. 
The effectiveness of the model selection procedure was also validated using the 
simulated data with the model selection procedure often (≥80%) resulting in models 
containing all major phenotype components (Table S2.6). However, due to the limited 
number of appropriate relationships in GS10K to resolve correlations between 
matrices and to detect factors with small effects, our model selection procedure may 
omit minor effects (contributing 5% or less of the trait variance, for example). In 
addition, the procedure may sometimes identify incorrect models (not being able to 




this might be the case for weight, urea, TC and HR in Table 2.2. However, with 
sufficient data from higher order pedigree relationships, as was the case in GS20K, the 
impact of covariances between design matrices in first order relatives (parent-offspring, 
siblings and couples) are mitigated and further components of variance became 
separable (Table 2.3).  
To sum up, we provide evidence that for the traits we have analysed, heritabilities are 
divided approximately evenly between pedigree-associated and SNP-associated 
genetic effects. This is the case even when, as here, we have taken care to consider 
various models of environmental covariation of first-degree relatives (including 
couples). It appears that confounding factors like dominance, shared full-sibling 
environment and the past rearing environment seem to have relatively small 
contribution to phenotypic variation for these traits in our population. We find that 
current shared environment of couples is able to account for another ~11% on average 
of the phenotypic variation of human complex traits. This has been seldom mentioned 
in previous heritability studies but we note that as an effect that inflates the covariance 
between nominally unrelated individuals, it should not substantially bias or inflate 
ℎ𝑝𝑒𝑑
2  and ℎ𝑔𝑘𝑖𝑛
2 . It should be taken into account that couple effects may also be present 
in cohorts of unrelated individuals which may often include couples but ignore any 
correlation between them. Therefore, it might bias ℎ𝑔
2 from genotype-based studies 
which do not account for such couple effects and could have an impact on GWAS 
studies.  
Overall, our work shows that SNP-associated genetic effects, pedigree-associated 
genetic effects and current shared couple environmental effects are three fundamental 
components of phenotypic variation for traits related to anthropometrics and 
cardiometabolism and current shared environmental effects have more impact than 
past shared environmental effects. This also has implications for models to be used in 
further studies of the architecture of complex traits including utilising the appropriate 





2.2.7 Material and Methods 
2.2.7.1 Ethics Statement  
Ethical approval for the study was given by the NHS Tayside committee on research 
ethics (reference 05/s1401/89). Governance of the study, including public engagement, 
protocol development and access arrangements, was overseen by an independent 
advisory board, established by the Scottish government. 
 
2.2.7.2 Data Description 
Our dataset came from the Generation Scotland Scottish Family Health Study 
(GS:SFHS) project (http://www.generationscotland.org), which was collected by a 
cross-disciplinary collaboration of Scottish medical schools and the National Health 
Service (NHS) from Feb 2006 to Mar 2011 [118,119].  
Data for 16 complex traits were used. These were 8 anthropometric traits: height, 
weight, fat, body mass index (BMI =
Weight
Height2
), hips, waist, waist-to-hips ratio (WHR) 
and a body shape index (ABSI =
Waist Circumference × Height5/6
Weight2/3
) [108] and 8 
cardiometabolic traits: levels of creatinine, urea, total cholesterol (TC) and high 
density lipoprotein (HDL) in serum and glucose in blood after a four hour fast period, 
systolic blood pressure (SBP), diastolic blood pressure (DBP) and heart rate (HR). 
None of the traits was adjusted for medication or fasting status. We explored the 
phenotypic distributions of these traits and conducted natural logarithm 
transformations for them, except for height, sodium and fat, to obtain approximate 
normal distributions. We set phenotypes with values greater or smaller than the mean 
± 4 standard deviations (after adjusting for sex, age and age2) to missing.  
Data also contained the information of sex, age, clinics where the phenotypes were 
measured and Scottish Index of Multiple Deprivation (SIMD, an environmental 
ranking based on living areas, [120]). A descriptive analysis can be seen in Table S2.1. 
The first set of analyses presented in the manuscript are based on a data set of nearly 




including 5,061 family members from 1,612 nuclear or extended families, and were 
genotyped with the Illumina OMNiExpress chip (707,686 SNPs). We conducted data 
quality control in Plink v1.07 [121] and GenABEL v1.7-6 [122]. SNPs with a minor 
allele frequency (MAF) < 0.05, a Hardy-Weinberg Equilibrium’s (HWE) p-value <10-
6 and a missingness > 2% were excluded. Duplicate samples, gender discrepancies and 
individuals with more than 5% missingness were also removed. After the quality 
control we kept 9,863 individuals genotyped for 550,796 common SNPs over the 22 
autosomes.  
An extended dataset (GS20K) was used to validate the results obtained with GS10K 
and evaluate the effect of including further close relationships in our data. The extra 
10,000 individuals were genotyped with the same chip and quality control was 
performed using the same criteria as in the GS10K. After quality control, GS20K 
consisted of 20,032 individuals, 18,293 of whom came from 6,578 nuclear or extended 
families, and 519,729 common SNPs across the 22 autosomes.  
A comparison of the difference in relationships between GS10K and GS20K can be 
seen in Table 2.1. 
 
2.2.7.3 Statistical Methods 
Our model allows trait variation to be influenced by the genetic effects associated with 
SNPs (ℎ𝑔
2) and pedigree (ℎ𝑘𝑖𝑛
2 ) and the environmental effects shared by families (𝑒𝑓
2), 
couples (𝑒𝑐
2) and full-siblings (𝑒𝑠
2), (Figure 2.1). To estimate the influence of each 
effect, we generated five design matrices: 𝐆𝐑𝐌𝐠, 𝐆𝐑𝐌𝐤𝐢𝐧, 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲, 𝐄𝐑𝐌𝐒𝐢𝐛 and 
𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞. 
 
2.2.7.3.1 Genomic Relationship Matrices 
A genomic relationship matrix (GRM) contains estimated genomic relatedness 
between pairs of individuals calculated from identity-by-state marker relationships as 




Each off-diagonal entry in the GRM represents the realised genomic relationship 









where, 𝑝𝑖 is the minor allele frequency (MAF) for SNP i, 𝑥𝑗𝑖  or 𝑥𝑘𝑖 is the allelic dose 
for individual j or k at locus i (x = 2 if the individual carries two rare alleles, x = 1 if 
the individual is heterozygous, x = 0 if the individual carries two common alleles) and 
N is the total number of SNPs.  












We used GCTA [52] to generate 𝐆𝐑𝐌𝐠  and obtained 𝐆𝐑𝐌𝐤𝐢𝐧  by modification of 
𝐆𝐑𝐌𝐠  in R [123]. Their definitions are identical to matrices 𝐊𝐈𝐁𝐒  and 𝐊𝐈𝐁𝐒>𝑡  in 
Zaitlen et al. [76] respectively. 
𝐆𝐑𝐌𝐠: a GRM estimated using all common SNPs, and designed to capture the additive 
genetic variance explained by common SNPs in the population sample. 
𝐆𝐑𝐌𝐤𝐢𝐧: a modified GRM calculated as in Zaitlen et al. [76] designed to estimate the 
extra genetic effects associated with pedigree, the variance explained by shared genetic 
factors in close relatives. 𝐆𝐑𝐌𝐤𝐢𝐧  was created by setting to 0 all entries in GRMg 
smaller than 0.025.  
The number of entries different from 0 in each of the matrices is shown in Table 2.1. 
 
2.2.7.3.2 Environmental Relationship Matrices 
An environmental relationship matrix (ERM) is a covariance matrix designed to 
capture the variance due to common environmental effects shared among a specified 




The ERM coefficient for each pair of individuals is 1 in if they share a particular 
environment, e.g., living in the same area or coming from the same family; otherwise, 
it is 0. Each entry on the diagonal is 1. 
We generated 3 different ERMs in R [123]: 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞, 𝐄𝐑𝐌 𝐒𝐢𝐛 and 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲. 
𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞: 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 was designed to capture the common environmental effects 
shared between a couple. The ERM coefficient of two individuals was 1 if they were 
identified as a couple, defined as a pair of individuals with at least one offspring within 
GS:SFHS. Each entry on the diagonal was 1.  
𝐄𝐑𝐌𝐒𝐢𝐛: 𝐄𝐑𝐌𝐒𝐢𝐛 was designed to capture the common environmental effects shared 
between full-siblings. The ERM coefficient of two individuals was 1 if they were 
identified as full-siblings. Each diagonal entry was 1. 
𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲: 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 was designed to capture the common environmental effects 
shared within each nuclear family comprising parents and offspring. The ERM 
coefficient of two individuals was 1 if they were identified as a parent-offspring pair, 
full-siblings or a couple. The ERM coefficient of two individuals was 1 if they were 
identified as nuclear family members, including parent-offspring, couple and full-
sibling relationships. Each diagonal entry was 1.  
The number of entries different from 0 in each of the environmental matrices is shown 
in Table 2.1. Details about model and matrices we defined can be seen in Figure 2.1. 
 
2.2.7.3.3 Variance component analysis 
We used the genomic and environmental matrices described above to partition the 
phenotypic variance observed for the traits using a mixed model in a restricted 
maximum likelihood (REML) framework. The analyses were implemented in GCTA 
[52]. The equations used to evaluate each model were the subsets of the full model: 











where 𝐲 is an n × 1 vector of observed phenotypes with n being the sample size 
(number of individuals), and 𝐕 the total phenotypic variance matrix, 𝛃 is an m × 1 
vector of fixed effects with m being the total level of covariates and 𝐗 its design matrix 
with dimension n × m , 𝐠𝐠 is an n × 1 vector of the total additive genetic effects of the 
individuals captured by genotyped SNPs with 𝐠𝐠 ~𝑁(0, 𝐆𝐑𝐌𝐠𝜎𝑔
2), 𝐠𝐤𝐢𝐧 is an n × 1 
vector of the extra genetic effects associated with the pedigree for relatives with 
𝐠𝐤𝐢𝐧~𝑁(0, 𝐆𝐑𝐌𝐤𝐢𝐧 𝜎𝑘𝑖𝑛
2 ), 𝐞𝐟, 𝐞𝐬 and 𝐞𝐜 are n × 1 vectors representing the common 
environmental effects shared by nuclear family members, full-siblings and couples 
with 𝐞𝐟~𝑁(0, 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 𝜎𝑒𝑓
2 ) ,  𝐞𝐬~𝑁(0, 𝐄𝐑𝐌𝐒𝐢𝐛 𝜎𝑒𝑠
2 )  and 𝐞𝐜~𝑁(0, 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 𝜎𝑒𝑐
2 ) 
and 𝛆 is an n × 1 vector of residuals. We fitted a range of models including different 
combinations of effects, and named them using abbreviations according to the effects 
used. We used the codes ‘G’ for 𝐆𝐑𝐌𝐠, ‘K’ for 𝐆𝐑𝐌𝐤𝐢𝐧, ‘F’ for 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲, ‘S’ for 
𝐄𝐑𝐌𝐒𝐢𝐛 and ‘C’ for 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 –e.g. model ‘GKC’= 𝐆𝐑𝐌𝐠 + 𝐆𝐑𝐌𝐤𝐢𝐧 + 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞, 






2 accordingly. All models include a residual matrix and the total 
heritability ℎ𝑔𝑘𝑖𝑛
2  is always the sum of ℎ𝑔
2 + ℎ𝑘𝑖𝑛
2  for any model. 
There were 31 different models from all the possible combinations of the five matrices. 
The abbreviations for each model and the formulae to estimate each term in each model 
are listed in Table S2.2. The results for each model are listed in Table S2.4. 
In addition to the matrices described (including the residual matrix), we always 
included the fixed effects of sex, age, age2, sex-by-age interaction, clinic, standardised 
SIMD and SIMD2 and the first 20 eigenvectors of 𝐆𝐑𝐌𝐠  (to ameliorate problems 
associated with data structure). 
 
2.2.7.3.4 Stepwise model selection 
We conducted a stepwise model selection to find the most appropriate genetic and 
environmental model for each trait and dissect the phenotypic variation into its 
components (SNP-associated additive genetic variance, pedigree-associated genetic 
effects shared among relatives and common environmental effects shared among the 




The stepwise selection began with the full model ‘GKFSC’, where all matrices were 
fitted together. We performed a Wald test and a log-likelihood ratio test (LRT, using 
a mixture distribution of 𝜒𝑑𝑓=0
2  and 𝜒𝑑𝑓=1
2  with a probability of 0.5 [52]) for each 
component and removed the component, if any, that was non-significant for both tests 
at α = 5% level and had the highest p-value for the Wald test. We repeated this process 
until all the remaining components were significant for at least one test. We did not 
correct for the limited number of traits analysed so error rates in this procedure should 
be considered to be on a per trait basis. 
 
2.2.7.4 Simulation Study 
In order to evaluate the robustness of our models and the performance of our stepwise 
model selection, we conducted a simulation study. We simulated, based on the real 
genotypic information and the real pedigree, different sets of phenotypes for each of 
the 9,863 individuals in GS10K. 
For simulating the genetic effects, we used a similar approach to Zaitlen et al. [76] by 
dividing the genome into two: even and odd chromosomes, and randomly selecting 
550 SNPs from even and odd chromosomes (approximately 1 from each 500 SNPs), 
representing the observed causal loci that were in LD with the SNPs (SNP-associated 
genetic effects) and the unobserved genetic variants that were not in LD with the SNP 
array (pedigree-associated genetic effects) separately. In a later step, only even 
chromosomes were used to generate 𝐆𝐑𝐌𝐠 and 𝐆𝐑𝐌𝐤𝐢𝐧. Each locus was assigned an 
effect size driven from exponential distribution as in Fisher [124] and the summed 
effects for even and odd chromosome SNPs were designed to explain ℎ𝑔
2 and ℎ𝑘𝑖𝑛
2  of 
the trait variance respectively. 
For environmental factors, we simulated a sibling environmental effect, a couple 
environmental effect and two nuclear family environmental effects (youth and 
adulthood environments) for each individual. The corresponding effect sizes for 
sibling, couple and nuclear family environmental effects were derived from 𝑁(0, 𝑒𝑠
2), 
𝑁(0, 𝑒𝑐
2) and 𝑁(0, 𝑒𝑓
2) accordingly and were the same among full-siblings, between 




In addition, we simulated a random residual effect for each individual, the residuals 
were derived from 𝑁(0, 𝑒𝑒
2) where 𝑒𝑒
2 represents the proportion of variance remaining 






given a proportion of the variance explained and 𝑒𝑒






2. The final phenotypes would be the sum of these genetic and environmental effects 
and residuals, and the expected mean and variance of simulated phenotypes were 0 
and 1, respectively. More details about how we simulated phenotypes can be found in 
Text S2.1. 
We evaluated the robustness of our models under situations where phenotypes were 
contributed by i) one of the five effects, ii) SNP-associated genetic effects and one of 
the familial effects (either pedigree-associated genetic effects or nuclear family 
environmental effects) and iii) SNP-associated genetic effects, familial effects and 
other environmental effects. All scenarios included residuals and 50 to 100 replicates 
were analysed for each scenario. The results of simulations were evaluated using a Z-
test, which tested whether the mean estimate for each parameter deviated significantly 
from its simulated value. Note, it was too time consuming to explore all the possible 
combinations of models and simulated phenotypes, therefore, we mainly focused on 
the models that were selected in model selection procedure for the real phenotypes in 
GS10K (Table 2.2) as well as the fundamental models of our study. More details about 
the parameter settings for these scenarios can be found in Table S2.5. 
𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 posited a relationship between siblings, parents-offspring and couples is 
somewhat confounded with the addition of 𝐆𝐑𝐌𝐤𝐢𝐧  and 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 , making 
separation and estimation of these effects (𝑒𝑓
2, ℎ𝑘𝑖𝑛
2  and 𝑒𝑐
2) challenging, as confirmed 
by the results from analysis of real phenotypes in GS10K (Table 2.2). Hence, we 
evaluated the effectiveness of our model selection procedure under situations where 
phenotypes were contributed by moderate SNP-associated genetic effects and low 
sibling environmental effects plus a) moderate nuclear family environmental effects 
but low pedigree-associated genetic effects and couple environmental effects, b) low 
nuclear family environmental effects but moderate pedigree-associated genetic effects 
and couple environmental effects and c) moderate nuclear family environmental 




scenarios included residuals. More details about the parameter settings for these 
scenarios can be found in Table S2.6. We conducted the model selection procedure for 
each replicate to see whether the final model selected matched the simulated 
phenotypic components for these scenarios (Note: we ran 10 replicates for each 
scenario here). In addition, variance component analyses were performed using final 
selected models for these replicates to see whether the estimates of parameters were 
close to their simulated values. 
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2.3 Conclusion and Discussion 
In Chapter 2, I presented my novel method of variance component analysis. Compared 
to frequently used methods such as GREML and twin studies, my method could: 1) 
estimate SNP ( ℎ𝑔
2 ) and total heritability ( ℎ𝑝𝑒𝑑
2 ) simultaneously; 2) model 
environmental contribution to the trait variation; and 3) maximise the sample size.  
Owing to the sufficiency of multiple different relationships in GS:SFHS (Table 2.1), I 
was able to disentangle the signal of trait variation from different sources. Simulation 
study confirms that my method works reasonable well with major components of trait 
variance usually being detected and the estimation of their contribution being unbiased 
or only a little biased (1-2% discrepancy between estimates and simulated values). 
Indeed, completely discriminating familial confounding factors is still challenging and 
thus systematic bias remains. However, the bias is relatively small and, consequently, 
the results are reliable.  
I investigated 8 anthropometric traits and 8 cardio-metabolic traits; and found that for 
majority of the traits studied SNP-associated genetic effects, pedigree-associated 
genetic effects, couple environment and sib environment are the major contributors to 
trait variation. This reveals new insight into trait components of human complex traits 
compared to traditional variance component analysis which mainly focuses on the 
additive genetics. 
In my method, the genetic effects are separated into SNP-associated (ℎ𝑔
2) and pedigree-
associated (ℎ𝑘𝑖𝑛
2 ) genetic effects, which I believe represent well-tagged common SNP 
variants inherited from distant ancestors and untagged variants such as rare SNP 
variants and non-SNP variants passed from recent ancestors respectively. I compared 
the estimates of ℎ𝑔
2 from my method (the proportion of trait variance explained by 
𝐆𝐑𝐌𝐠 in the selected model from Table 2.3) and from GREML-SC method [51,52] 
(Single-component-GREML, which estimates the variance explained by genotyped 
common SNPs in unrelated individuals, results see Table S2.3 column 1) for the same 




Figure 2.5 shows that, for majority of the traits, estimates of ℎ𝑔
2 from two methods are 
quite close to one another for the same traits, demonstrating that although relatives 
were included in the analysis, the confounding factors shared among them did not 
hinder the method from providing reliable SNP heritability. 
 
Figure 2.5 Comparing the estimates of ℎ𝑔
2 for the same trait using GREML-SC method 
and using my method in GS:SFHS. 
 
Y-axis: SNP heritability estimated by GREML-SC; X-axis: SNP heritability estimated 
selected model using my method; Red dotted line: Y=X; Horizontal and vertical bars: 
standard errors of the estimates of ℎ𝑔









2 ) with ℎ𝑝𝑒𝑑
2  from twin studies (Table 2.4) and found that for most of the traits 
investigated, my ℎ𝑔𝑘𝑖𝑛
2  estimates are close to published ℎ𝑝𝑒𝑑
2  estimates which suggest 
little missing heritability for those traits. This points out that the difference between 
ℎ𝑝𝑒𝑑
2  and ℎ𝑔
2 is mainly due to genetic variations contributed by variants that are not 
tagged by SNP array. But such variants are in strong LD with pedigree and thus could 
be captured by our method. A similar conclusion was drawn by Yang et al. [125] where 
they conducted GREML-MS (MAF-stratified-GREML, creating several GRMs using 
imputed SNPs according to MAF bin and estimating the total variance explained by 
these GRMs in unrelated individuals) and found that imputed rare SNPs could explain 
an additional amount of genetic variance, leaving little  missing heritability 
unexplained for height and BMI.  
One of the novel findings in this study is I found that current environment shared by 
partners (members of a couple) are very important to trait variance for almost all the 
traits I looked at. However, for height, BMI and waist and hip circumference, couple 
effects may reflect, in part or completely, assortative mating [91,92,109,126]. 
𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 is a similarity matrix designed to capture the resemblance between partners. 
For genetically unrelated couples under random matting pattern, such resemblance 
should be mainly contributed by shared living environment. However, assortative 
mating increases both genetic and environmental similarity between partners and thus 
the presence of assortative mating will inflate the estimates of  𝑒𝑐
2  in my method 
because 𝑒𝑐
2 no longer represents the similarity between partners purely due to shared 
environment but the phenotypic similarity (contributed by both genetics and 
environment) due to mate choice. I believe this is the reason that there are little or very 
little residual variance left in our selected model for height. To find out whether the 
couple effect is due to assortative mating or shared environment or both and how 
assortative mating influence trait architecture, a follow-up study was conducted in 
Chapter 5.  
Similarly, 𝐄𝐑𝐌𝐒𝐢𝐛 is a similarity matrix designed to capture the resemblance between 
siblings. Such resemblance could be attributable to additive genetics (which is 




in this method) and shared common environment in the past (because most full-
siblings no longer lived together when they were recruited). Therefore, the estimates 
of 𝑒𝑠
2 in this method might be inflated by non-additive genetics such as dominance. 
However, more recent meta-twin study shows that there is little evidence for 
dominance for human complex traits [14], i.e. estimates of 𝑒𝑠
2 should be unbiased and 
reflect the effects of shared rearing environment in the past.  
Apart from this research, I have cooperated with colleagues from other departments of 
my university to study the genetic and environmental contribution to trait variance 
using this method for major depressive disorder (with Yanni Zeng) [127] and traits 
related to cognition and personality (with David Hill) [128], including cognitive traits: 
general intelligence (g), education attainment, vocabulary, verbal fluency, digit symbol 
test and logical memory; and personality traits: neuroticism and extraversion. The 
manuscripts of these two papers are attached in the appendix (Publication S2.1 for the 
former and Publication S2.2 for the later). 
The results of the selected models from these two studies are visually plotted in Figure 
2.6 and the results of the selected and the full models are recorded in Table S2.8. 
Regarding cognitive traits, the pattern is quite clear that SNP-associated genetic effects 
(represented by 𝐆𝐑𝐌𝐠), pedigree-associated genetic effects (represented by 𝐆𝐑𝐌𝐤𝐢𝐧), 
couple environmental effects (represented by 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞) and sibling environmental 
effects (represented by 𝐄𝐑𝐌𝐒𝐢𝐛 ) are four major components of the trait variance, 
except for logical memory of which the selected model is ‘GKS’. The proportion of 
phenotypic variance contributed by component remaining in the selected model is 
similar across cognitive traits, which are ℎ𝑔
2=20%, ℎ𝑘𝑖𝑛
2 = 25%, 𝑒𝑐
2 = 22% and 𝑒𝑠
2 =
8%  on average. For personality traits, the selected models for neuroticism and 
extraversion are ‘GK’ (ℎ𝑔
2=11% and ℎ𝑘𝑖𝑛
2 = 19%) and ‘GF’ (ℎ𝑔
2=13% and 𝑒𝑓
2 = 9%) 
respectively, which suggests that their trait architectures are different. Whereas for 
depression, the selected model for major depressive disorder is ‘GKC’ with ℎ𝑔
2 = 12%, 
ℎ𝑘𝑖𝑛
2 = 35% and 𝑒𝑐
2 = 14%. However, assortative mating has been reported for major 
depression disorders [129], personality [130] and intelligence [131] and thus the 
estimates of 𝑒𝑐
2  might represent (or be inflated by) the phenotypic correlation 




























































































































































































































I compared the estimates of ℎ𝑔
2 and ℎ𝑔𝑘𝑖𝑛
2  to the publications and found that, for most 
traits, our results are reasonably close to those in the literature (Table 2.5).  
 
Table 2.5 Comparisons of the results from final selected models in GS20K to previous 
published results for cognitive, personality and depression traits. 
Phenotype 
Selected Models Publications 
h2 g (S.E) h2 gkin  (S.E) h2 g (S.E) h2 ped  (S.E) 
Cognitive 
g 0.23 (0.02) 0.54 (0.03) 
20-50% [133,134] 50-80% [135] 
Education 0.16 (0.02) 0.44 (0.03) 
Vocabulary 0.26 (0.02) 0.56 (0.03) 
Verbal Fluency 0.19 (0.02) 0.46 (0.03) 
Digit Symbol Test 0.21 (0.02) 0.36 (0.03) 
Logical Memory 0.12 (0.02) 0.32 (0.03) 
Personality 
Neuroticism 0.11 (0.02) 0.30 (0.03) 
0-18% [136-138] 34-48% [139] 
Extraversion 0.13 (0.02) 0.13 (0.02) 
Depression 
Major Depressive Disorder 0.12 (0.05) 0.47 (0.06) 21-32% [140,141] ~37% [142] 
 
More recently, one colleague from my group (Carmen Amador) further developed this 
method to study the regional differences in health-related phenotypes and proved that 
the causes of regional variation are socioeconomics and lifestyle rather than genetics 
[132] (Publication S2.3).  
To conclude, this study reveals new insight into trait components of human complex 
traits compared to the traditional variance component analysis which mainly focuses 
on the additive genetics. With appropriate data (a large cohort with multiple degrees 
of relatives), my method is able to disentangle the confounding genetic and 









Previously in Chapter 2, I conducted variance component analyses and identified that 
couple environment, sibling environment and pedigree-associated genetics are three 
additional major components of human complex trait variations in addition to SNP-
associated genetics. 
In this chapter, I will apply the discovery of major trait variation contributors into a 
genome-wide association study (GWAS) by taking account of the corresponding 
covariance structure contributed by these additional factors in a linear mixed model 
(LMM), to see whether the performance of this extended method is greater than that 
of traditional GWAS method which only models SNP-associated genetics. 
This work was done in collaboration with a colleague (Oriol Canela-Xandri) from 
another department of the university. My colleague developed this method and 
implemented it into a genetic analysis tool named DISSECT, [143]; whereas my role 
was to perform GWAS on 16 anthropometric and cardio-metabolic traits in GS20K 
using both the traditional and the extended methods and, afterwards, making 
comparison of GWAS performance.  
Currently, we are in the stage of applying for publication (draft attached, see 
Publication S3.1) and here the main text of this chapter starts, beginning with a 
literature review about association studies. 
In quantitative genetics, association studies could be classified as family-based 
association studies and population-based association studies.  
Transmission disequilibrium tests (TDT) [144] and modified TDT [145,146] are one 




known pedigree, normally nuclear families with at least one affected offspring, as it 
tests whether the transmission of alleles from parents to offspring is in association with 
disease risk. The first GWAS was a study of such kind, e.g. genome-wide family-based 
association study based on modified TDT [53]. 
However, the acknowledged starting point of GWAS is a publication by Wellcome 
Trust Case Control Consortium (WTCCC) in 2007 [54] because it is the first 
population-based association study using genome-wide marker data genotyped by 
high-coverage SNP chip [55]. The samples required for a population-based association 
study usually are genetically unrelated individuals of homogeneous ethnicity. The 
reason for having unrelated individuals originally is due to the cost because genotyping 
the same number of independent samples (unrelated individuals) provides more power 
in the analysis than genotyping dependent samples (related individuals) [55,80]; 
whereas the individuals have to be ethnically homogeneous because population 
structure (or population stratification) could lead to false positive discoveries [147]. 
Principal components analysis (PCA) is normally used in population-based GWAS for 
detection and subsequent removal of individuals who are ethnic outliers in the quality 
control and for correcting population structure in the analysis [148].  
With the development of the SNP chip technique, the cost of genotyping a single 
individual becomes much cheaper. Therefore, having more and more individuals 
genotyped (large-cohort study) is becoming more common and, inevitably, there will 
be participants with known or unknown multiple degrees of relationship recruited into 
these studies. A method to correct for population structure and cryptic/family 
relationship simultaneously is fitting the first few principal components as fixed effects 
and polygenic effects (SNP effects) as a random effect (represented by GRM) in a 
LMM [149-151]. Close relatives such as nuclear family members are usually removed 
from the analysis to avoid having false positives due to overweighting information 
contributed by family structure [152], which can greatly reduce the sample size and 
hence reduces the power.  
In Chapter 2, I have demonstrated that my extended variance component analysis 
method could disentangle the phenotypic variance of a trait into SNP-associated 




common environment shared by either by family members or by partners or by siblings) 
in the presence of relatives. Here, I will aim to identify trait-associated loci by taking 
account of these familial effects, including related individuals in the analysis. The 
rationale is that, on one hand, in the presence of relatives, modelling familial effects 
could remove the false positive associations due to genetics by environment 
correlation shared between relatives; on the other hand, by considering phenotypic 
components other than SNP effects, the residuals shrink, leading to smaller standard 
errors for the estimates of SNP effect size and thus increasing power. By this, it is 
possible to maximise the sample size of study population, increase the detection power 
and get rid of potential artificial association due to familial structure.  
In this study, I applied this extended method as well as the traditional GWAS method 
to 16 traits related to anthropometrics and cardio-metabolism in GS20K, compared the 
performance, in terms of false and true positives, of this method and the traditional 
method and checked if any novel associations were uncovered.  
 
3.2 Methodology 
3.2.1 Data and Matrices 
The cohort (GS20K), covariates and phenotypes used for this study are the same as 
those used and described in Chapter 2: 2.2.7.2, e.g. 20,032 individuals of recent 
Scottish descent, 520k autosomal common SNPs after quality control and 16 traits 
related to anthropometrics and cardio-metabolism. 
The matrices (𝐆𝐑𝐌𝐠, 𝐆𝐑𝐌𝐤𝐢𝐧 , 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 , 𝐄𝐑𝐌𝐒𝐢𝐛  and 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞) used here are 
exactly those described in Chapter 2: 2.2.7.3.1 and 2.2.7.3.2. 
 
3.2.2 Models 
This is a two-step GWAS approach. In the first step, I estimated the parameter W 
(representing the covariance of the mixed effects of all random effects fitted in the 




conducted SNP-association test for each SNP using the eigenvectors and eigenvalues 
of W. After the decomposition of W, the computational complexity in step 2 becomes 
~O(𝑛), which enables the model to be fitted simultaneously in different parallel nodes 
thousands or millions of times repeatedly in a practicable elapsed time. 
This two-step GWAS method was built in DISSECT, a free software designed for 
analysing big genomic datasets via clusters [143] used in this study.  
 
3.2.2.1 Step 1: Estimating 𝐖 Matrix 
In the first step, the model used was  
𝐲 = 𝐗𝛃 +∑𝐫𝑖
𝑖





where 𝐲 is an n (number of individuals) × 1 vector of observed phenotypes and 𝐕 the 
total phenotypic variance matrix; 𝛃 is an m (the total level of covariates) × 1 vector of 
fixed effects, including sex, age, age2, sex-by-age interaction, clinic, standardised 
SIMD and SIMD2 and the first 20 eigenvectors of 𝐆𝐑𝐌𝐠  (to alleviate problems 
associated with data structure), and 𝐗 its design matrix with dimension n × m; 𝐫𝑖 is an 
n × 1 vector of random effect with 𝐫𝑖~N(0, 𝐕𝑟𝑖𝜎𝑟𝑖
2); and 𝛆 is an n × 1 vector of residuals 
with variance 𝜎𝜀
2. 











The initial equation could be rewritten as, 
𝐲 = 𝐗𝛃 +𝐰+ 𝛆,with 𝐕 =𝐖𝜎𝑤
2 + 𝐈𝜎𝜀
2, 
where 𝐰  is an n × 1 vector of the mixed effects of all random effects 𝐫𝑖 , with 
𝐰~N(0,𝐖𝜎𝑤
2), 𝜎𝑤
2  is the total variance explained by this model with  𝜎𝑤
2 = ∑ 𝜎𝑟𝑖
2
𝑖  and 




Therefore, the 𝐖  matrix can be obtained by summing the design matrices of all 
random effects fitted in the model weighted by the variance explained by each random 
effects according to variance component analysis.  
In this study, the random effects 𝐫𝑖  modelled including the SNP-associated genetic 
effects 𝐠𝐠 with 𝐠𝐠 ~𝑁(0, 𝐆𝐑𝐌𝐠𝜎𝑔
2), the pedigree-associated genetic effects 𝐠𝐤𝐢𝐧 with 
𝐠𝐤𝐢𝐧~𝑁(0, 𝐆𝐑𝐌𝐤𝐢𝐧 𝜎𝑘𝑖𝑛
2 ) , the common environmental effects shared by nuclear 
family members 𝐞𝐟 with 𝐞𝐟~𝑁(0, 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 𝜎𝑒𝑓
2 ), the common environmental effects 
shared by sibling  𝐞𝐬  with  𝐞𝐬~𝑁(0, 𝐄𝐑𝐌𝐒𝐢𝐛 𝜎𝑒𝑠
2 )  and the common environmental 
effects shared by partners (members of a couple) 𝐞𝐜 with 𝐞𝐜~𝑁(0, 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 𝜎𝑒𝑐
2 ).  
In Chapter 2, I conducted model selection for variance component analysis and 
identified the important contributors to trait variation and the proportion of phenotypic 
variance explained by each of them (Table 2.3). From that, I subsequently computed 




2  and 𝜎𝑒𝑐
2 . For example, 𝐖 =
𝐆𝐑𝐌𝐠×0.2+𝐆𝐑𝐌𝐤𝐢𝐧×0.2+𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞×0.1
0.2+0.2+0.1
 if the selected model for a trait was model ‘GKC’ 
and the estimates of  ℎ𝑔
2, ℎ𝑘𝑖𝑛
2  and 𝑒𝑐
2 were 20%, 20% and 10% respectively; and 𝐖 =
 𝐆𝐑𝐌𝐠 if only SNP effects are considered. 
 
3.2.2.2 Step 2: Test SNP Association using 𝐖 Matrix 
The model used for testing the trait-association for each SNP in turn was: 
𝐲 = 𝐗𝛃 + 𝐗𝐒𝐍𝐏𝛽𝑆𝑁𝑃 +𝒘+ 𝛆 𝑤𝑖𝑡ℎ 𝐕 = 𝐖𝜎𝑤
2 + 𝐈𝜎𝜀
2 
where 𝛽𝑆𝑁𝑃  is the effect size of the reference allele of the SNP being tested for 
association and 𝐗𝐒𝐍𝐏 is an n × 1 genotype vector for that SNP (coded as 0, 1, 2 for 
having 0, 1 and 2 reference alleles) and the definitions of the remaining parameters are 
the same as before.  
Since 𝐖 and 𝜎𝑤
2  are fixed parameters known from step 1, it is possible to speed up the 
association analysis by performing eigen-decomposition of 𝐖 and transform the data 
to a space where the covariance matrix 𝐖 is diagonal using the eigenvectors of 𝐖. 




𝐖 = 𝚲𝚺𝚲−𝟏, 
where 𝚲 and 𝚺 are the eigenvectors and eigenvalues matrices of 𝐖, respectively. 
Therefore, the map, (∙) , to transform the data is, 
𝜑(∙) =  𝚲−𝟏 ∙ 𝚲 
For example, 𝜑(𝐖) = 𝚲−𝟏𝐖𝚲 = 𝚺. 
By performing eigen-decomposition and data transformation, the distribution of 𝐲 
changed from the origin from, 𝐲~N(𝐗𝛃 + 𝐗𝐒𝐍𝐏𝛽𝑆𝑁𝑃 ,𝐖𝜎𝑤
2 + 𝐈𝜎𝜀
2), to that after eigen-
decomposition, 𝐲~N(𝐗𝛃 + 𝐗𝐒𝐍𝐏𝛽𝑆𝑁𝑃, 𝚲[𝚺𝜎𝑤
2 + 𝐈𝜎𝜀
2]𝚲−𝟏) , and finally to that after 
data transformation, 𝜑(𝐲)~N(𝜑(𝐗)𝛃 + 𝜑(𝐗𝐒𝐍𝐏)𝛽𝑆𝑁𝑃, 𝚺𝜎𝑤
2 + 𝐈𝜎𝜀
2) . Since 𝚺  is 
diagonal, the covariance matrix  (𝐖) in the transformed space (𝜑(𝐖) = 𝚺) is diagonal. 
Consequently, the computational complexity of fitting the model reduces to ~𝑂(𝑛), 
compared to ~𝑂(𝑛3) if solving the model in a standard way. 
 
3.2.2.3 Three Different GWAS Methods 
In my study, I compared the performance of three different GWAS methods, 
abbreviated as TU, TR and SR. 
In the TU method (Traditional method with Unrelated individuals), I only considered 
one random effects (SNP-associated genetic effect, represented by 𝐆𝐑𝐌𝐠 ) in the 
model and only included 7,370 unrelated individuals (r<0.025, including couples who 
are not genetically related with one another) in the analysis. This is the GWAS method 
and type of population frequently used in publications. 
In the TR method (Traditional method with Related individuals), I only considered 
one random effects (SNP-associated genetic effects, represented by 𝐆𝐑𝐌𝐠) in the 
model but included all ~20k individuals (including related individuals) in the analysis.  
In the SR method (extended method based on Selected model per trait with Related 
individuals), I accounted for all the random effects which have been previously 




matrix 𝐖 and used all ~20k individuals in the analysis. Note that the selected model 
varies depending on traits.  
 
3.2.3 Simulation 
This method has been validated by my colleague via simulation study. Details about 
the simulation study is available in Publication S3.1. 
 
3.3 Results 
3.3.1 GWAS Performance Comparison within GS20K 
I conducted GWAS in GS20K for 16 anthropometric and cardio-metabolic traits using 
three different methods, TU (traditional method with unrelated individuals), TR 
(traditional method with all individuals) and SR (extended method with all individuals).  
To compare the GWAS performance diversely for different SNP sets (e.g. discovery 
power for trait-associated SNPs and false positive rate (FDR) for non-associated 
SNPs), I classified SNPs according to the p-values obtained from each method and the 
correlation between SNPs estimated from genotype data. 
Since the sample size of my study population is relatively limited (~7k for TU and 
~20k for TR and SR) compared to the sample size of published GWAS meta-analyses 
(~100k), here I defined associations with p-values less than 10-5 as suggestive trait-
associated SNPs (suggestive SNPs). The remaining associations with p-values larger 
than 10-5 were defined as non-associated SNPs although some of them might be real 
causal loci undetected due to lack of power. 
Subsequently, I filtered the suggestive SNPs detected by each method according to the 
genotypic correlation between them because no LD pruning was conducted for SNP 
data prior to GWAS and I wanted to make sure that the suggestive SNPs detected were 
independent, i.e. causing by different causal variants. For each method, I selected the 




SNPs that were correlated with that one (r2 ≥ 0.7). Next, I selected the second most 
significant suggestive SNP that had not been eliminated in the previous process, and 
repeated the procedure until all suggestive SNPs that remained would no longer be in 
high correlation with each other (r2 < 0.7) and each of them might represent the signal 
from different genetic variants.  
Furthermore, I checked the genotypic correlation between the suggestive SNPs 
detected by two different methods to see whether some signals detected by one method 
were method specific. If a suggestive SNP detected by one method was not highly 
correlated (r2 < 0.7) with any other suggestive SNPs detected by the other two methods, 
the signal leading to that suggestive SNP was counted as a unique signal for that 
method as the underlying genetic variant could not be detected by any other method. 
On the contrary, if a suggestive SNP detected by one method was highly correlated (r2 
≥ 0.7) with one or two suggestive SNPs detected by the other two methods, the signal 
resulting in those associations was counted as a common signal as the underlying 
genetic variant could be detected by two or more methods. 
 
3.3.1.1 Comparison of Non-Associated SNPs 
After classification, I first compared the p-values for non-associated SNPs obtained 
from TU, SR and TR methods with each other. I regressed the -log10 p-values of the 
non-associated SNPs detected in one method against the -log10 p-values for the same 
SNPs in another method (it is possible that some non-associated SNPs detected in the 
first method are suggestive SNPs in the second method) for each trait (Table 3.1). As 
shown in Table 3.1, the regression coefficients for any specified method comparison 
(TR vs. TU, SR vs. TU and SR vs. TR) are significantly lower than 1 (coefficient 
estimate + 2 S.E. < 1) for any trait, which suggests that both the extended SR method 
and the TR method are expected to reduce the false discovery rate (FDR) as, in general, 
p-values for non-associated SNPs become less significant when increasing the sample 
size (TR and SR vs. TU). Besides, there is another tiny but statistically significant 
improvement in FDR when taking account the identified familial effects in the model, 
in addition to SNP-associated genetic effects (SR vs. TR). Therefore, the extended SR 














































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































3.3.1.2 Comparison of Suggestive Associations 
I then evaluated the detection power of each method by counting the number of 
suggestive SNPs and number of unique and common signals detected per method 
(Table S3.1). Note, a suggestive SNP is either contributed by a unique signal or a 
common signal. 
I have summarised the results in Figure 3.1. As shown in Figure 3.1, most suggestive 
SNPs detected by method TU are due to common signals that can be detected by all 
methods. Methods TR and SR share another large proportion of common signals due 
to the inclusion of related individuals in the analyses. The number of unique signals 
detected by method SR is generally equivalent or higher than method TR, which 
indicates that detection power is higher if additional familial effects, in addition to 
SNP-associated genetic effects, are modelled. But a notable discrepancy was found for 
height, for which the TR method detected 15 more suggestive SNPs than SR method. 
However, in general, the total number of suggestive SNPs (unique + common signals) 
detected by each method is TU < TR ≤ SR, i.e. the extended SR method has the overall 
best detection power.  
I took a further look at the detection power of methods TR and SR by comparing the 
p-values of common signals shared by them. I regressed the -log10 p-values of the 
common signals obtained from method SR against the -log10 p-values of the same 
common signals obtained from method TR. 
Note, since the suggestive SNP contributed to a common signal in method TR could 
be different from the suggestive SNP contributed to the same common signal in 
method SR (but these two different SNPs have to be in high correlation r2 ≥ 0.7), here 
the p-value of a common signal from a method refers to the p-value of the suggestive 
SNP contributed to that common signal from that method. 
As shown in Table 3.2, the regression coefficients for glucose, waist, HDL and BMI 
are significantly larger than 1 (coefficient estimate - 2 S.E. > 1), which suggests that 
there is significant evidence for glucose, waist, HDL and BMI that the common signals 
have lower p-values (more significant) in method SR compared to method TR. The 
























































































































































































































In total, the regression coefficients for 9 out of 15 comparable traits are larger than 1 
(although some of them are not significant), which suggests that the detection power 
of method SR is higher in general. 
 
Table 3.2 Method comparison: regressing -log10 p-values obtained from the SR 
model on those from the TR model for common signals shared by methods TR and SR 
Trait 
Number of Common Signals 
Regression Coefficient 
Estimate S.E. 
Glucose 40 1.0088 0.0025 
Waist 7 1.1441 0.0489 
Fat 9 1.0346 0.0503 
HDL 73 1.0152 0.0039 
Weight 11 1.0539 0.0411 
Height 41 0.9718 0.0629 
Hip 9 1.0511 0.0329 
DBP 2 
  
WHR 4 0.6895 0.5823 
ABSI 4 0.9859 0.5597 
HR 9 1.0136 0.0576 
BMI 15 1.0608 0.0215 
SBP 11 0.8304 0.0719 
TC 68 0.9937 0.0057 
Creatinine 19 1.0828 0.1439 




3.3.2 Comparison with Published GWAS Hits 
I further evaluated the performance of each method by checking how well my findings 
(suggestive SNPs) overlap with published GWAS results because the more evidence 
that can be found to support the trait associations detected by a GWAS method, the 
more reliable that method seems to be.  
Hence, I downloaded a list of published genome-wide (GW) significant hits (p-values 
< 5×10-8) from the GWAS Catalog (https://www.ebi.ac.uk/gwas/, accessed in Jan-
2017 [153]) for each trait (except for ABSI which has no association in the catalogue) 
and checked the LD (D’) between the suggestive SNPs and published GW hits on a 
reference website http://archive.broadinstitute.org/mpg/snap/ldsearchpw.php. D’ is 
pre-calculated based on the 1000 Genome Pilot 1 database by Johnson et al. [154] and 
the website only provides LD for SNPs within ± 250kb. 
I classified the suggestive SNPs detected in this study based on their locations and LD 
compared to published GW hits, as well as the p-values obtained from this study. If a 
suggestive SNP detected in this study locates within +/-250kb of any published GW 
hits with D’ ≥ 0.8, it very likely is a true positive because strong supporting evidence 
from publications suggests that it is a replication of the published GW hit; For a 
suggestive SNP detected in our study locating within +/-250kb of any published GW 
hits with D’ < 0.8, there is some evidence from publications suggesting that it 
potentially is a true positive, e.g. it perhaps is a multiple variant in the same region of 
the published GW hit; If a suggestive SNP detected in this study locates 250kb away 
from any published GW hits but it reached GW significance level (P < 5×10-8) itself 
in any models, it potentially is a true positive because there is some statistical evidence 
from this study to support that it might be a novel finding; Regarding the remaining 
suggestive SNPs, there is no evidence from either publications or this study to support 
that they are true positives. 
 
3.3.2.1 Comparing Levels of Evidence each Method Holds 
Subsequently, I counted the number of suggestive SNPs detected per method per trait 




overall GWAS performance across traits (excluding height and ABSI) based on the 
proportion of detected SNPs with and without supporting evidence (Figure 3.2). 
According to Figure 3.2, the more methods that detect a common signal, the more 
likely it is that the association is real. Only ~2.7% of common signals that can be 
detected by all three methods lack supporting evidence from the GWAS Catalog and 
this study; whereas the proportion of detected SNPs without supporting evidence 
increases to 35.0% if the common signals can only be detected by methods TR and SR.  
Regarding the unique signals detected by each method (Figure 3.2 and Table S3.2), 
more than half of (22 out of 42) the unique signals detected by the SR method have 
strong or some supporting evidence; whereas less than a quarter of (6 out of 27) the 
unique signals detected by TR method and less than 6% of (3 out of 51) those detected 
by TU method have supporting evidence.  
 
Figure 3.2 The proportion of suggestive SNPs having strong, some and no supporting 
evidence per method (and the overlap between methods) across traits, height and ABSI 
excluded 
  
X-axis: classification of independent suggestive SNPs based on whether the signals 
contributed were method-specific. Y-axis: the proportion of SNPs that have strong, 




























Moreover, by summing unique signals and common signals together, I calculated the 
overall proportion of detected suggestive SNPs without supporting evidence across 
traits (excluding height and ABSI) for methods SR, TR and TU, which are 29.6%, 
31.43 and 40.3%, respectively (Figure 3.2). In general, the SR method slightly 
outperforms the TR and TU methods.  
However, the method performance varies across traits. Height is the most obvious 
example where method TR performs significantly better than method SR as method 
TR could detect 13 more suggestive SNPs with strong supporting evidence from 
publications (Table S3.2). 
 
3.3.2.2 Comparison of GW Hits Genotyped in GS20K 
As I did in Table 3.2 for comparing the p-values of common signals from methods TR 
and SR, here I compare the p-values of published GW hits from these methods. The 
rational is that, if the p-values of published GW hits are generally smaller in one of the 
methods, it is expected to be easier to replicate published findings using that method 
with an increased sample size. 
I extracted SNPs which are on the list of published GW hits downloaded from GWAS 
Catalog (https://www.ebi.ac.uk/gwas/, accessed in Jan-2017) that happened to be 
genotyped in GS20K and, subsequently, regressed the -log10 p-values of those SNPs 
from method SR against the -log10 p-values of the same SNPs from method TR (Table 
3.3).  
According to Table 3.3, there is significant evidence for glucose, waist, HDL, hip 
circumference and BMI that published GW hits genotyped in GS20K have lower p-
values (more significant) in method SR than method TR because their regression 
coefficients are significantly larger than 1 (coefficient estimate - 2 S.E. > 1); the 
significant opposite trend found for height and creatinine. 
In total, the regression coefficients for 10 out of 14 comparable traits are larger than 1 
(although some of them are not significant), which suggests that the detection power 




Table 3.3 Method comparison: regressing -log10 p-values obtained from the SR 
model on those from the TR model for genotyped GW hits 
Trait 
Number of published 
GW hits Genotyped  
Regression Coefficient 
Estimate S.E. 
Glucose 37 1.0066 0.0012 
Waist 34 1.0561 0.0105 
Fat 28 1.0153 0.0080 
HDL 72 1.0156 0.0029 
Weight 12 1.0361 0.0214 
Height 187 0.9424 0.0093 
Hip 41 1.0300 0.0139 
DBP 13 1.0139 0.0213 
WHR 20 0.9511 0.0255 
ABSI 0   
HR 29 1.0033 0.0069 
BMI 116 1.0430 0.0049 
SBP 13 0.9989 0.0151 
TC 53 1.0094 0.0055 
Creatinine 24 0.9052 0.0440 
Urea 1   
 
 
3.3.2.3 Potential Novel Findings Detected in GS20K 
In this study, I detected three potential novel GW hits which reached GW significant 
level in this study and are located more than 250kb away from any reported GW hits 
on GWAS Catalog (https://www.ebi.ac.uk/gwas/) when I accessed the website in Jan-
2017 (Table 3.4). 
The first potential novel finding is for hip circumference and the leading SNP is 
rs476828 (p-value = 1.22x10-8 from SR method) which is located on chromosome 18 
and is 2.99Mb away from the closest hip circumference associated SNP (rs12454712) 




rs476828) locate ~190kb downstream of melanocortin 4 receptor  gene (MC4R) known 
to be strongly associated with childhood (early-onset) obesity [155,156] but evidence 
for association with hip circumference (or WHR) reported by previous studies is weak 
[157-159]. 
The second potential novel discovery is for glucose and the leading SNP is rs7105586 
(p-value = 2.58x10-8 from SR method) which is located on chromosome 11 and is more 
than 21Mb away from the closest GWAS hit known to be associated with glucose from 
the GWAS Catalog. rs7105586 lies ~82kb upstream of leucine zipper protein 2 gene 
(LUZP2). Previous studies have shown that this gene is deleted in some of the Wilms 
tumour-Aniridia-Genitourinary anomalies-mental Retardation syndrome (WAGR) 
patients [160] and a fraction of WAGR patients show childhood obesity (which might 
be related to glucose level in blood) [161,162]. But no evidence for association with 
glucose is found. 
The last potential novel hit is for urea and the leading SNP is rs10480299 (p-value = 
1.54x10-9 from TR method) which is located inside protein kinase AMP-activated non-
catalytic subunit gamma 2 gene (PRKAG2) on chromosome 7. This gene is known to 
be associated with Haemoglobin B level [163] and chronic kidney disease [164].  
Recently, a GWAS based on GS20K data, the same data as mine, has been published 
and, in that study, the association between PRKAG2 and urea level has been confirmed 
[165]. However, the other two potential novel hits detected in my study had not been 
replicated in that one. For the hip circumference hit, that is because the exact trait was 
not included in that study; whereas for the glucose hit, that probably is because the 
difference in covariates. In their study, the signal of LUZP2 (known to be associated 
with childhood obesity) probably had been removed because they fitted BMI as a 
















































































































































































































































































































































































































































































































































































































































3.4 Conclusion and Discussion 
We developed a GWAS method which could take into account multiple random effects. 
Such a method allows us to include all individuals in an analysis whilst at the same 
time removing the confounding factors shared among relatives which potentially bias 
the GWAS results due to overweighting family structure.  
I applied this extended GWAS method (SR) on 16 traits related to anthropometrics 
and cardio-metabolism in GS20K by taking account of all previously identified trait 
variation contributors as random effects in the GWAS model per trait. The contributors 
modelled including SNP-associated genetic effects, pedigree-associated genetic 
effects, common nuclear family environment, common sibling environment and 
common couple environment. Subsequently, I conducted GWAS on these traits using 
the traditional methods (TU and TR) which only model SNP-associated genetic effects 
and compared the GWAS performance. 
I observed that the p-values for non-associated SNPs were significantly higher in this 
extended GWAS method (SR) than the other methods (TU and TR) for any traits 
(Table 3.1), which indicates that this extended GWAS method is expected to reduce 
FDR.  
The suggestive associations identified in this study were separated into unique signals, 
which could be detected only by one method, and common signals, which could be 
detected by more than one methods. Based on the number of unique signals detected 
by each method and the supporting evidence from GWAS Catalog 
(https://www.ebi.ac.uk/gwas/), the number of (potential) true positives exclusively 
detected by this extended GWAS method (SR) is equivalent or higher than those 
exclusively detected by others (TU and TR) for 12 out of 15 comparable traits (Figure 
3.3).  In addition, I observed that the overall p-values for common signals were lower 
in this extended GWAS method than the others for 9 out of 15 comparable traits (Table 
3.2); and likewise, the overall p-values for published GW hits genotyped in GS20K 
were also lower in SR method than the others for 10 out of 14 comparable traits (Table 
3.3). These results indicate that this extended GWAS method has a higher detection 








































































































































































































Based on a comprehensive method comparison, I demonstrated evidence that this 
extended GWAS method (SR) which models additional familial effects in addition to 
SNP-associated genetics has the best overall performance due to lower FDR and higher 
detection power. This further supports my previous conclusion from Chapter 2 that 
pedigree-associated genetic effects, couple environment and sibling environment, in 
addition to SNP-associated genetic effects, are major contributors to human complex 
trait variance; otherwise, fitting them as random effects in the SR method should not 
improve the GWAS performance. 
However, the performance varies between traits. The most obvious examples being 
HDL and TC which benefit from modelling extra random effects and height which 
suffers from modelling extra random effects. Switching from method TR to method 
SR, 6 and 5 (potential) true associations were detected for HDL and TC respectively, 
as well as losing 2 (potential) false associations for HDL, with little extra 
computational cost. However, taking into account of familial effects in GWAS would 
cost 13 (potential) true findings for height (Figure 3.3). 
For traits like height, there is assortative mating [91,166]. Assortative mating generates 
a positive correlation between the genetic values of partners [93]. Therefore, the 
genetic similarity between partners is expected to be higher than two random 
individuals due to assortative mating. In the SR method, the GWAS model used for 
height was the model ‘GKFC’, which contained couple resemblance represented by 
𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 which had been inaccurately modelled as environment in Chapter 2. The 
𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 probably has removed the extra genetic signals contributed by assortative 
mating in the SR method and thus lead to lower detection power compared to the TR 
method which did not (Figure 3.3).  
To conclude, by applying the knowledge of trait architecture in the GWAS (i.e. fitting 
familial genetic and environmental effects as well as SNP-associated genetic effects 
identified to have contributions to trait variations as random effects in a GWAS model), 
the detection power increased and false-discovery rate decreased, slightly but 
significantly for some traits. This points out that it is important to study the architecture 
of human complex traits and, afterwards, using this information for GWAS because it 










Chapter 4: Predicting Phenotypic Values using 
Genotype and Genealogy Information  
 
4.1 Introduction 
In Chapter 2, I discovered that pedigree-associated genetics, shared couple 
environment and shared sibling environment, in addition to SNP-associated genetic 
effects, contribute significantly to trait variation for anthropometric and cardio-
metabolic traits in GS20K.  
In Chapter 3, I conducted GWAS for these traits in GS20K and found that by adding 
these additional genetic and environmental factors as random effects in GWAS models, 
GWAS detection power was boosted and false discovery rate decreased. 
In this chapter, I am going to include these factors in prediction models to see whether 
prediction accuracy is similarly improved.  
The aim of this study was to predict the phenotypic values of obesity related traits 
(including height, BMI, HDL etc.) using kernel ridge regression (KRR) method and 
predictors that cannot be affected by any traits such as sex, age, genealogy information 
(e.g. who is your sibling and parent) and genetics (SNP data). The reasons of choosing 
these measurements as predictors and KRR as method were revealed in the following 
reviews. 
 
4.1.1 Prediction using Omics Data and Clinic Measurements 
For around half a century, medical doctors and scientists have been trying to predict 
the disease risk for a healthy person and the survival time (rate) for a patient using 
various sorts of information at hand. However, prior to the omics era, information used 
for prediction was limited to some clinical traits. Taking cardiovascular diseases (CVD) 





assessment models were age, smoking, blood pressure and blood cholesterol; over 90% 
of the models either included sex or were sex-specific (study men and women 
separately); whereas only <5% of the studies used genetic data [167], i.e. limited 
number of genomic prediction studies. 
The development of omics technology enables us to measure more types of biological 
parameters in vivo at relatively low cost. In genetic analysis, omics data can be 
classified as genomics data (DNA) and the expressed genome data (including 
epigenomics, transcriptomics, proteomics, metabolomics etc.), both types of omics 
data can be used as predictors and increase the accuracy of prediction models 
[69,72,168].  
Studies show that including clinical phenotypes like BMI and HDL and expressed 
genome data like methylation and expression levels in the prediction model could 
greatly increase the short-term prediction accuracy [69,72], which is useful for 
diagnosis. However, compared to short-term prediction, long-term prediction on risk-
assessment is more helpful for disease prevention. But measurements like BMI, HDL, 
methylation levels and expression levels could change over time, which are unsuitable 
for long-term prediction.  
To make long-term prediction, relatively constant predictors are required. The stable 
predictors used in my study included sex, genotype and genealogy information such 
as who is your sibling and biological parent (which, by default, are fixed from birth) 
as well as age (which is fixed at the age of prediction). 
 
4.1.2 Difference and Similarity: BLUP, Ridge Regression, KRR and 
MKL 
In this section, I stated the reason of choosing kernel ridge regression in my study by 
reviewing a few prediction methods and their connections. Methods reviewed included 
the best linear unbiased predictor (BLUP), ridge regression, kernel ridge regression 





In short, BLUP is a statistic method to estimate random effects in a linear mixed model 
(LMM) framework [169], commonly used in animal breeding for predicting genetic 
breeding values; KRR is a prediction method based on ridge regression and kernel 
trick (details see 4.1.2.3) in machine learning; and MKL is a method that could be 
implemented in KRR which blends multiple random effects into a combined effects. 
BLUP with only additive effects is a special form of KRR[170]. However, when the 
relationship between phenotype and genotype is no longer linear, e.g. non-additive 
genetic effects such as dominance and epistasis also contribute to the genetic values, 
the prediction accuracy using KRR is higher than BLUP [171,172].  
In my study, I assumed that the phenotype was not only contributed by additive genetic 
effects, but was also attributable to pedigree-associated genetic effects and familial 
environmental effects including shared family, couple and sibling environment; and 
my goal was to predict the phenotypic values contributed by these five effects rather 
than the genetic breeding values alone. Hence, facing the complexity of trait 
architecture, I chose KRR over BLUP because KRR should perform better when the 
relationship between phenotype and predictors is complicated. Additionally, BLUP 
keeps multiple random effects separately in the model and it needs a dozen of iterations 
for likelihood convergence; whereas in KRR, all random effects are blended into one 
by MKL method and no iterative process is needed. Therefore, KRR should be 
computationally faster than BLUP.  
In the following, I reviewed the method of BLUP and KRR, as well as ridge regression 
and MKL, and their relevance.  
 
4.1.2.1 BLUP 
In the simplest model where phenotypes have been pre-corrected for the covariates 
and only considering additive genetics, the model is 
𝐲 = 𝐠 + 𝛆                                                                                                                             𝐸𝑞(1) 
Where 𝐲 is 𝑛 (number of individuals) × 1 vector of phenotype, 𝐠 is 𝑛 × 1 vector of 
genetic values (or polygenic effects in human genetics and genetic breeding values in 
animal breeding) with 𝐠~𝑁(0, 𝐀𝜎𝑔






being additive genetic variance, and 𝛆  is 𝑛  ×  1 vector of residuals including 
environmental effects and other factors unaccounted in the model with 𝛆~𝑁(0, 𝐈𝜎𝜀
2) 
and 𝜎𝜀
2 being residual variance. 
Under this model, the variance-covariance matrix of 𝐲, 𝐕, is 
𝐕 = 𝐀𝜎𝑔
2 + 𝐈𝜎𝜀
2                                                                                                                  𝐸𝑞(2) 
Once obtained the estimates of 𝜎𝑔
2 and 𝜎𝜀
2, it is possible to predict 𝐠 and the BLUP of 
𝐠 is 






𝐲                                                                                        𝐸𝑞(3) 
The genetic values 𝐠 can be considered as the sum of genetic effects of all causal loci, 
i.e. 𝐠 = 𝐗𝛃, where 𝐗 is an 𝑛 × 𝑚 (number of causal loci) design matrix (genotype 
matrix) for causal loci and 𝛃 is an 𝑚 × 1 vector of the effect sizes of causal loci on the 
trait 𝐲. Assuming the effect sizes for all causal loci follow the same distribution with 
𝛃~𝑁(0, 𝐈𝜎β
2), i.e. the variance explained by a single causal locus is the same on 
average and equals 𝜎β
2, then 𝜎𝑔
2 = 𝑚𝜎β
2. By replacing 𝐠 with 𝐗𝛃 and 𝜎𝑔
2 with 𝑚𝜎β
2, 






2                                                                                                               𝐸𝑞(4)   
And the BLUP of 𝐠 is 










, known as the VanRaden G matrix 2 [50], is the identify-by-state based 
estimator of the true genetic relationship between individuals based on causal loci. 𝐆 
can be replaced by GRM (the genetic relationship between individuals estimated by 
common SNPs across genome) as Yang et al. [51,52] proved that GRM is an estimate 






4.1.2.2 Ridge Regression 
Ridge regression is a method based on least squares that deals with the data 
multicollinearity problem in multiple regression analysis by shrinking the regression 
coefficients toward 0, e.g. having multiple SNPs in LD with the same causal locus in 
genomic prediction study. To have a better understanding of the mechanism of ridge 
regression, here I introduced the basic concept of distance and loss function in statistics. 
In mathematics and statistics, the term ‘norm’ (‖∙‖) describes the ‘length’ of a vector 
in a vector space. In inner product spaces, the norm is defined as the square root of the 
inner product (〈∙,∙〉), commonly referring to dot product. For example, for vector 𝐱, 
‖𝐱‖ = √〈𝐱, 𝐱〉 = √𝐱T𝐱.  
The norm can also be used to quantify the ‘distance’ between two vectors, e.g. the 
‘distance’ between vector 𝐱 and vector 𝐲 is ‖𝐲 − 𝐱‖ = √(𝐲 − 𝐱)T(𝐲 − 𝐱). With the 
concept of ‘distance’, it is possible to tell whether two vectors are alike and thus 
solving linear equations. 
For example, there are 𝑛 data points in a data set with the form of (𝐱𝒏, 𝑦𝑛), where 𝐱𝒏 
is the nth vector of matrix 𝐗 (e.g. genotype matrix) and 𝑦𝑛 is the nth element of vector 
𝐲 (e.g. phenotype vector), and the aim is to find the best ‘linear regression line’ (called 
‘hyperplane’ in machine learning) that describes the most likely linear relationship 
between data 𝐱𝒏 and 𝑦𝑛, which is by minimising the squared ‘distance’ between all 
data points to the hyperplane, ‖𝐲 − 𝐗𝛃‖2.  
The equation in the previous example that needs to be minimised, ‖𝐲 − 𝐗𝛃‖2, is called 
a loss function (ℓ(∙)). However, in studies with big data, very often the solution of 𝛃 
is not unique. A regularisation term is added in the loss function to improve the 
condition of the ill-posed problem by enforcing smoothness [173]; otherwise, the 
equation system is over-fitted. The final loss function which assigns ‖𝛃‖2 as a penalty 
is, 





𝜆 is known as the penalty coefficient and it is a shrinkage parameter. When 𝜆 is 0, the 
solutions are identical to least squares solutions; whereas when 𝜆  is infinite, all 
coefficient estimates in 𝛃 equal 0. 
An explicit solution is obtainable by differentiating the loss function, 𝐸𝑞(6), with 
respect to the unknown vector 𝛃  and setting its derivative to 0. The optimised 𝛃 
obtained by this way is called optimiser and this method is known as ridge regression 
or Tikhonov regularization [174].  
Directing to genetics, the loss function of 𝐸𝑞(1) is, 
ℓ(𝐠|𝜆) = ‖𝐲 − 𝐠‖2 + 𝜆‖𝐠‖2                                                                                           𝐸𝑞(7) 
 
4.1.2.3 Kernel Ridge Regression (KRR) 
KRR is a special kind of ridge regression dealing with a non-linear relationship 
between the data points by using the kernel trick. To understand KRR, I briefly 
introduced the kernel trick and RKHS theory. 
Ridge regression, as any other regression analyses do, reveals the linearity of the data 
(linear relationship between input and output variables) and traditionally cannot reveal 
the true relationship between the input and output variables if the relationship between 
them is non-linear. However, there might be linearity of the data after a certain data 
transformation. 
One typical example is given below. In XY coordinate system, there are 1000 red dots 
from centred circle with radius of 2 and 1000 blue dots from centred circle with radius 
of 1. Clearly, in the original 2-D input space (Figure 4.1a), there is no such a regression 
line that can perfectly separate blue and red dots because their relationship is non-
linear. However, if transforming these data points to XYZ coordinate system by setting 
all blue dots above the XY plane with Z=1 and all red dots below the XY plane with 
Z=-1, then in the XYZ coordinate system (3-D feature space), the transformed data 
points are linearly separable and the XY plane (Z=0) is the optimised hyperplane to 
separate these data points (Figure 4.1b) because it minimises the squared distance 































































































































































Transforming the optimised hyperplane obtained in 3-D feature space back to the 
original 2-D input space, we could get a regression curve (centred circle with radius of 
1.5). This regression curve perfectly separates those red and blue dots and clearly 
reflects how these dots are non-linearly related (Figure 4.1c). 
Hence, to deal with a non-linear data set, the feature map (Φ(∙), the function transforms 
the data points from the input space, where their relationship is non-linear, to the 
feature space, where the relationship is linear) needs to be known and the inner product 
(the squared distance) after data transformation needs to be computed. This brings out 
two problems: first, what the map Φ(∙) is; and second, calculation of the inner product 
in the high-dimensional feature space takes much more computational time.  
RKHS stands for Reproducing Kernel Hilbert Space [175], i.e. the Hilbert Space for a 
special function and that function is associated with a reproducing kernel. The precise 
theory of RKHS is beyond this thesis but it helps us to address both issues 
simultaneously. The idea of using RKHS theory is to help us finding the optimised 
hyperplane for a set of non-linear data points in its high-dimensional feature space with 
a kernel function that remains in the original low-dimensional input space. That kernel 
function can represent the corresponding inner product in high-dimensional feature 
space, thereby, we neither need to know the map Φ(∙) nor to calculate the inner product 
in the high-dimensional feature space, e.g. regression curve in Figure 4.1c can be 
obtained without the data transformation process in Figure 4.1b. This is known as 
kernel trick in machine learning [176]. Ridge regression using RKHS theory (kernel 
trick) is called KRR or RKHS regression. 
Directing back to quantitative genetics, Gianola et al. first connected RKHS regression 
with quantitative genetic model [171,177]. Instead of assuming the genetic values 𝐠 =
𝐗𝛃 and restricting that 𝐠 and 𝛃 are from normal distribution, they defined the genetic 
values as a function of genotype, i.e. 𝐠(𝐗) = {g(𝐱𝟏), g(𝐱𝟐), g(𝐱𝟑), … , g(𝐱𝒏)}
T, where 
𝐱𝒏 is the n
th row of genotype matrix 𝐗, representing the genotype of the nth individual, 
and g(𝐱𝒏) is the genetic value of the n
th individual, meaning the average genetic value 
for infinite individuals having genotype 𝐱𝒏. By replacing 𝐠 with 𝐠(𝐗), Eq(1) and its 




𝐲 = 𝐠(𝐗) + 𝛆                                                                                                                      𝐸𝑞(8) 
ℓ(𝐠(𝐗)|𝜆) = ‖𝐲 − 𝐠(𝐗)‖2 + 𝜆‖𝐠(𝐗)‖2                                                                       𝐸𝑞(9) 
To find the optimised 𝐠(𝐗) which minimise 𝐸𝑞(9), according to representer theorem 
from RKHS theory [178], the optimiser 𝐠(𝐗)  needs to have the linear form as 
following: 
𝐠(𝐗) =∑𝛼𝑖𝐊(∙, 𝐱𝑖) 
𝑛
𝑖=1
= 𝐊𝛂                                                                                        𝐸𝑞(10) 
Φ(∙) is an unknown feature map that transform data points 𝐗 to its unknown RKHS 
and 𝐊(∙, 𝐱𝑖) = 〈Φ(𝐗),Φ(𝐱𝑗)〉 is the ‘distance’ between 𝐗  and its 𝑖
th row 𝐱𝑖  in that 
feature space. 𝐊 is an 𝑛 × 𝑛 kernel matrix (or just kernel) with 𝐊(∙, 𝐱𝑖) being its 𝑖
th 
row. 𝛂 is an 𝑛 × 1 vector of unknown coefficients need to be inferred with 𝛼𝑖 being 
its ith element. Note, 𝛼𝑖  does not have any biological meaning. According to the 
Moore-Aronszajn theorem (another theorem from RKHS theory), for every positive 
(semi) definite kernel 𝐊 on 𝐗, there must be a unique RKHS which makes that 𝐊 a 
reproducing kernel [175]. Therefore, as long as there is a positive (semi) definite kernel 
𝐊, there is no need to know the map function Φ(∙). 
By implementing 𝐠(𝐗) = 𝐊𝛂  and using the property of reproducing kernel that 
‖𝐊𝛂‖ = 𝛂T𝐊𝛂 in (9) , loss function in 𝐸𝑞(9) could be rewritten as 
ℓ(𝛂|𝜆) = (𝐲 − 𝐊𝛂)T(𝐲 − 𝐊𝛂) + 𝜆𝛂T𝐊𝛂                                                                 𝐸𝑞(11) 
By differentiating the loss function in 𝐸𝑞(11) with respect to the unknown vector 𝛂 
and setting its derivative to 0, an explicit solution is obtained. 
?̂? = (𝐊 − 𝜆𝐈)−1𝐲                                                                                                             𝐸𝑞(12) 
Hence, the predicted genetic values are 𝐊?̂?. 
 
4.1.2.4 Multiple Kernel Learning (MKL) 
The MKL method [179] is to create a new kernel by averaging the old ones using the 













                                                                                                 𝐸𝑞(13) 
Where 𝑛  is the number of kernels and 𝐊𝒊  is the i
th kernel with 𝜎𝐾𝑖
2  being its 
corresponding variance.  
By using MKL method, it is possible to blend all the genetic and environmental effects 
in my model into one kernel because KRR methods do not work with multiple kernels.  
 
4.2 Methodology 
This study was a prediction study aiming to predict the phenotypic values, rather than 
disease risk assessment, for obesity related traits. The study used a 5-fold cross-
validation design and ridge regression with a blended kernel computed by genotype 
and genealogy information (5-fold CV KRR).  
I validated the methods by simulation study and then applied this approach on real 
human data in GS10K (because GS20K data were not ready when I conducted this 
study in my 1st year). 
 
4.2.1 Data Transformation 
In this study, I was interested in predicting the phenotypic values of obesity related 
traits, including height, BMI, hip circumference, total cholesterol (TC) and HDL-
cholesterol level in blood.  
I log transformed these traits except for height and, afterwards, adjusted them for sex, 
age and age2 by linear regression. Subsequently, I normalised the residuals to standard 





4.2.2 Kernel Ridge Regression with 5-Fold Cross Validation 
I randomly separated GS10K into 5 groups of the same size. Afterwards, I learned the 
optimiser, ?̂?, using the training data made up of individuals from any 4 out of the 5 
groups and made prediction for the validation data consisting of individuals from the 
5th group using the following equations. 
?̂? = (𝐊[𝑇𝑟𝑎𝑖𝑛, 𝑇𝑟𝑎𝑖𝑛] − 𝜆𝐈)−1𝐲[𝑇𝑟𝑎𝑖𝑛]                                                                  𝐸𝑞(14) 
?̂?[𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛] = 𝐊[𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛, 𝑇𝑟𝑎𝑖𝑛]?̂?                                                               𝐸𝑞(15) 
?̂?  is an 𝑛𝑇𝑟𝑎𝑖𝑛  (number of individuals in the training set) × 1  vector of unknown 
coefficients that needs to be solved, 𝐊 is an 𝑛 × 𝑛 model-specific kernel matrix, 𝐲 is 
an 𝑛 × 𝑛  vector of normalised phenotype and ?̂?  is an 𝑛𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛  (number of 
individuals in the validation set) × 1 vector of predicted phenotypic values contributed 
by genetic and environmental effects included in the model. 𝑇𝑟𝑎𝑖𝑛 and 𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 in 
𝐸𝑞(14)  and 𝐸𝑞(15) are the index (row and column number) of individuals from 
training set and validation set in 𝐊 and 𝐲, respectively.  
For each analysis, KRR was repeated five times by setting different groups as training 
set in each run.  
 
4.2.3 Prediction Models 
In addition to sex and age which were adjusted in the first stage of normalising 
phenotypes, the effects considered in my prediction study in KRR stage were SNP-
associated genetic effects, pedigree-associated genetic effects and common 
environment shared by either nuclear family members, siblings or partners (members 
of a couple), represented by five design matrices: 𝐆𝐑𝐌𝐠 , 𝐆𝐑𝐌𝐤𝐢𝐧 , 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 , 
𝐄𝐑𝐌𝐒𝐢𝐛 and 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 accordingly.  
Based on the combination of effects modelled, there are 31 possible prediction models. 
As in Chapter 2, I keep using the codes ‘G’ for SNP-associated genetic effects, ‘K’ for 
pedigree-associated genetic effects, ‘F’ for common family environment, ‘S’ for 




model ‘GKC’ is a model that considers SNP- and pedigree- associated genetic effects 
and common couple environment simultaneously.  
Moreover, for each model, I conducted 5-fold CV KRR 8 times with different penalty 
coefficients 𝜆 of 0.001, 0.01, 0.1, 1, 10, 100, 500 and 1000 (to solve the ill-posed 
problem by smoothing).  
5-fold CV KRR for all alternative models, e.g. 31 models × 8 lambdas, was conducted. 
For results see Table S4.1 for height, Table S4.2 for BMI, Table S4.3 for hip 
circumference, Table S4.4 for HDL and Table S4.5 for TC. 
 
4.2.4 Estimation of Prediction Accuracy  
The prediction accuracy of each model was evaluated based on both the correlation 
between 𝐲 and ?̂? and the mean squared error (MSE) 
1
𝑛
∑ (?̂?𝑖 − 𝑦𝑖)
2𝑛
𝑖=1 . To distinguish 
the correlation and the MSE, in this chapter, the results of the former are written in the 
format of percentage, e.g. 30% rather than 0.3. 
Both correlation and MSE give us information about how accurately the prediction 
model performs; but on different aspects. MSE provides the insight of the deviation 
between the predicted values and the observed phenotypes; whereas correlation tells 
how these predicted values and observed phenotypes accord in rank.  
Note, in the main manuscript, I excluded 𝜆  and only reported the best prediction 
accuracy (highest correlation and the lowest MSE) obtained for each model, even 
though 𝜆 corresponded to the highest correlation model and the lowest MSE model for 
the same model may differ. 
 
4.2.5 Kernel Computation 
The kernel matrix used for each model was computed by the corresponding design 




For a single-effect model, the kernel matrix was the design matrix itself, e.g. the kernel 
matrix for prediction model ‘G’ was 𝐆𝐑𝐌𝐠. 
For a multiple-effect model, the kernel matrix was computed based on 𝐸𝑞(13), i.e. 
summing the design matrices according to the variance explained by each of them in 
S2.4 Table. For example, in variance component analysis, the proportion of phenotypic 
variance explained by 𝐆𝐑𝐌𝐠 , 𝐆𝐑𝐌𝐤𝐢𝐧  and 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞  were 14.83%, 24.43% and 
7.94% respectively in model ‘GKC’ for total cholesterol. Therefore, the kernel matrix, 









 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞.  
Ideally the weights (variance explained by each component) used for blending kernels 
should be learned within the training data; whereas the weights I used here were 
learned using the whole population, which would cause an overfitting problem that the 
prediction accuracy of validation set would be inflated because some of the 
information from validation set had already been applied in the training process.  
However, this study was conducted a few years ago when performing a variance 
component analysis on a trait in a cohort with size of ~10K with a complex model 
might take a few hours using old version of GCTA. Therefore, instead of learning the 
weights for each training set for each model for each trait, e.g. 31×5×5=775 VCA, I 
assumed that my data are homogeneous, e.g. the effects are the same for the whole 
population as for any subpopulations, which seems to be a plausible assumption.  
 
4.2.6 Verification of Kernel  
Importantly, to make sure KRR method works, I need to prove that my three 
environmental covariance matrices (𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲, 𝐄𝐑𝐌𝐒𝐢𝐛 and 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞) are rightful 
kernel matrices. That is by proving my ERMs are positive semidefinite Gramian 
matrices.  
A Gramian matrix can be written as the form of the inner product of a matrix, e.g. 𝐗 =
𝐘𝐘T. My ERMs could be rewritten into such form and thus should be rightful Gramian 




1, 2 and 6 are from Family 1, ID 3 is from Family 2 and ID 4 and 5 are from Family 3. 
The corresponding 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲 for that cohort (left part) and its ‘squared root’ matrix 























































Such format matches the definition of Gramian matrix. In addition, I checked the 
positive definiteness for my matrices in R and all my ERMs are positive semidefinite. 
Thereby, my ERMs should be rightful kernel matrices, i.e. positive semidefinite 
Gramian matrices.  
Since GRM is known to be a rightful kernel matrix [170] and the sum of rightful kernel 
matrices is a rightful kernel matrix, all kernel matrices used in my 31 prediction models 
should be rightful kernel matrices.  
 
4.2.7 Simulation Study 
A simulation study was conducted to test how well the KRR method could perform 
for phenotypes contributed by different sources of effects. The phenotypes used were 
from the simulation study in Chapter 2 (S2.6 Table scenario c). They were simulated 
based on the real genomic and genealogy information in GS10K. For more details 
about how the phenotypes were simulated see S2.1 Text. 
Three sets of simulated phenotypes were used in this study and 10 replicates for each 
set. In the first scenario, the simulated phenotypes were only contributed by SNP-
associated genetic effects, ℎ𝑔
2 = 25% . In the second scenario, the simulated 
phenotypes were contributed by both SNP-associated and pedigree-associated genetic 
effects, ℎ𝑔
2 = 25% and ℎ𝑘𝑖𝑛
2 = 15% respectively. In the third scenario, the simulated 
phenotypes were contributed by four genetic and environmental effects, ℎ𝑔
2 = 25%, 
ℎ𝑘𝑖𝑛
2 = 15%, 𝑒𝑐
2 = 15% and 𝑒𝑠
2 = 5%. The remaining proportion of variance was 




For each scenario, I performed KRR using at most two models: a model only including 
the SNP-associated genetic effects, e.g. prediction model ‘G’ for all scenarios; and a 
model matching the trait architecture, e.g. prediction model ‘GK’ for the second 
scenario and prediction mode ‘GKSC’ for the third scenario. A fixed lambda of 1 was 
used in the simulation study and the prediction accuracy was measured based on the 
correlation between simulated and predicted values. 
In the simulation study, the design matrices 𝐆𝐑𝐌𝐠 and 𝐆𝐑𝐌𝐤𝐢𝐧 were computed in two 
ways. In the first case, only causal SNPs from even chromosomes that contributed to 
SNP-associated genetic effects were used to calculate 𝐆𝐑𝐌𝐠  and those from odd 
chromosomes that contributed to pedigree-associated genetic effects were used to 
compute 𝐆𝐑𝐌𝐤𝐢𝐧. That is assuming the genetic architecture (locations of causal loci) 
is fully discovered. In the other case, 𝐆𝐑𝐌𝐠 was computed by all common SNPs from 
even chromosomes and 𝐆𝐑𝐌𝐤𝐢𝐧 was computed by setting entries in 𝐆𝐑𝐌𝐠 lower than 
0.025 to 0. That is assuming the genetic architecture is unknown and some of the causal 
loci (those contributing to pedigree-associated genetic effects) are completely 




A simulation study was conducted to see how well KRR method could perform under 
different situations when phenotypes were contributed by different components.  
The maximum achievable prediction accuracy for each scenario was  √ℎ𝑔2 = 50%, 
√ℎ𝑔2 + ℎ𝑘𝑖𝑛
2 = 63%  and √ℎ𝑔2 + ℎ𝑘𝑖𝑛
2 + 𝑒𝑐2 + 𝑒𝑠2 = 77%  accordingly; whereas the 
observed prediction accuracy was ~45%, ~57% and ~58% for the first (Figure 4.2a), 
the second (Figure 4.2b) and the third scenario (Figure 4.2c) respectively, if the model 
used in each scenario matched the trait architecture of simulated phenotypes and only 









Y-axis: prediction accuracy based on correlation; X-axis: replicate; (Cl): only causal 


































































By including non-informative SNPs (non-causal SNPs) into the kernels, the prediction 
accuracy dropped significantly to ~15%, ~19% and ~20% for the first (Figure 4.2a), 
the second (Figure 4.2b) and the third scenario (Figure 4.2c) respectively, although 
models remained unchanged.  
Furthermore, there was another ~0.5% and ~1.6% decrease in prediction accuracy for 
the second (Figure 4.2b) and the third scenario (Figure 4.2c) respectively when effects 
fitted in the prediction model was no more than SNP-associated genetic effects. The 
change in prediction accuracy, ~0.5% decrease in Figure 4.2b and ~1.6% decrease 
Figure 4.2c, due to excluding non-SNP-associated genetic effects in the model was not 
significant for each replicate, but it was significant if a sign test was conducted for all 
replicates in each scenario simultaneously (p-value=0.02).   
Simulation study thus shows that, the more knowledge we know about the trait 
architecture (e.g. the effects contribute to the trait variation and the location of causal 
SNPs), the higher prediction accuracy we could get. However, the proportion of 
maximal achievable accuracy obtained seems least in scenario 3, which is due to the 
sparseness of environmental matrices (see 4.4 Conclusion and Discussion) 
 
4.3.2 Prediction for Obesity-Related Traits in GS10K 
The simulation study confirms that the accuracy of prediction model benefits from 
adding extra effects attributable to trait variation in the model, in addition to SNP-
associated genetic effects.  
Subsequently, I performed 5-fold CV KRR for obesity-related traits in GS10K using 
a model including either only SNP-associated genetic effects (the base model ‘G’) or 
all effects previously detected in variance component analysis (VCA) in Chapter 2 that 
contributed to trait variation (the selected model for each trait in Table 2.2).  
On average across traits, the correlation from the selected model was increased by ~1.6% 
and the MSE from the selected model was reduced by ~0.009, compared to the 
prediction accuracy for the same trait from the base mode (Table 4.1). However, like 
simulation study, the improvement in prediction accuracy (i.e. increase in correlation 










Base: G 37.5% (1.7%) 0.870 (0.013) 
Selected:  GKC 38.7% (1.6%) 0.853 (0.013) 
BMI 
Base: G 18.9% (2.0%) 0.964 (0.015) 
Selected:  GKC 21.4% (1.9%) 0.955 (0.014) 
Hip 
Base: G 16.1% (2.1%) 0.975 (0.015) 
Selected:  GKC 17.9% (2.0%) 0.963 (0.015) 
HDL 
Base: G 21.3% (2.0%) 0.963 (0.015) 
Selected:  GKC 22.8% (2.0%) 0.957 (0.015) 
TC 
Base: G 11.7% (2.1%) 0.994 (0.016) 
Selected:  GFS 12.9% (2.1%) 0.992 (0.015) 
 
 
4.3.3 Prediction Accuracy for Small Groups of Individuals 
I further separated GS10K into a few different groups, taking a closer look at how 
prediction models affected the prediction accuracy for people with different 
relationships. I extracted the predicted values obtained previously and estimated the 
prediction accuracy for each group. 
Those groups were: UR (people who are unrelated to anyone else in GS10K), <1stR 
(people who have at least one non-first-degree relative in GS10K), C (people who have 
a spouse but no other relatives in GS10K), S (people who have at least one sibling but 
no other relatives in GS10K), R+C (people who have a spouse and at least one another 
relative in GS10K), R+S (people who have at least one sibling and one another relative 
in GS10K) and R+C+S (people who have a spouse, at least one sibling and one another 
relative in GS10K); the models under comparison were the base model ‘G’ and the 
best prediction model ‘GKCS’ (based on Table S4.4, model ‘GKCS’ has the highest 




Figure 4.3a shows the prediction accuracy for different groups of people measured by 
the correlation. For the same group of individuals (excepting UR group), switching 
from the base model ‘G’ to the best model ‘GKCS’ increased the prediction accuracy, 
but the amount of increase in prediction accuracy varied upon groups. The maximum 
increase was 13.75% for group C and the 2nd largest increase was 5.19% for group S; 
whereas the increase for group <1stR was tiny (0.81%). However, none of the within 
group difference was significant due to large standard errors. Larger within group 
differences were observed if prediction accuracy was measured by MSE (Figure 4.3b), 
e.g. significant difference within group R+S (p-value=0.04). 
Regarding the best prediction model ‘GKCS’, the prediction accuracy of a group of 
individuals benefited from having more relevant relationships (Figure 4.3a). For 
example, the prediction accuracy of group R+C and group R+S was significantly 
higher than that of group <1stR (p-value=5.5×10-4 and 4.1×10-8 accordingly), the 
prediction accuracy of group R+C was higher but not significantly than that of group 
C (p-value=0.35) and the prediction accuracy of group R+S was higher but not 
significantly than that of group S (p-value=0.25). Similar conclusions hold if 
prediction accuracies were measured by MSE (Figure 4.3b).  
However, the prediction accuracy of group R+C+S was lower than either group R+C 
or group R+S (Figure 4.3a). That is because the probability of the spouse, sibling and 
another relative of an individual are all in the training set is very low. Taking the 
simplest example of having 1 spouse, 1 sibling and 1 another relative in GS10K, the 
probability that the individual I want to predict is in the validation set while his 
relatives are all in the training set is 0.83×0.2=0.1024. Therefore, only 11 individuals 
(106×0.1024) in group R+C+S benefitted from modelling pedigree-associated genetic 







Figure 4.3 Prediction accuracy (S.E.) for different groups of individuals made up of 
different types of relationship for HDL 
 
 
Y-axis: prediction accuracy (correlation for plot a and MSE for plot b); X-axis: the 
name of groups and number of validated individuals (people who have phenotypes) 
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4.4 Conclusion and Discussion 
In this study, I applied kernel ridge regression (KRR) with a 5-fold cross validation 
design to predict the phenotypic values for obesity related traits in GS10K. The kernels 
used were blended kernels created by a multiple kernel learning method based on 
previous findings of the effects contributing to the trait variation and the amount of 
phenotypic variance each effect explained. All predictors used were relatively stable 
measurements, including information on sex, age, genotype and genealogy.  
Results indicate that, the prediction ability of obesity-related traits benefits from 
adding familial effects that were previously identified in variance component analysis 
(VCA), including pedigree-associated genetic effects, common couple environment, 
common family and common sibling environment, into the prediction model alongside 
SNP-associated effects (Table 4.1); whereas the prediction accuracy of individuals 
benefits from having relatives in the training data who were sharing those familial 
effects with them (Figure 4.3). 
Although the prediction accuracy (referred to correlation between predicted 
phenotypic values and observed phenotypes, the same below) obtained by my method 
seems to be relatively low for obesity-related traits (Table 4.1), compared to the high 
prediction accuracy of ~ 90% for heart disease [180], my results are close to published 
studies. For published genomic prediction studies including relatives, the prediction 
accuracy for height, BMI and HDL using whole genome markers are 25-50%, 10-20% 
and 20-30% respectively [181,182]; whereas in my study the prediction accuracy for 
height, BMI and HDL from the base model ‘G’ were 37.5%, 18.9% and 21.3% 
accordingly. 
In genomic prediction, the main problem leading to low prediction accuracy for a trait 
is lack of knowledge of its causal loci (their locations and effect sizes). Although fitting 
genome-wide markers could help us to capture the genetic variance contributed by 
these causal loci due to LD between causal loci and genotyped markers in variance 
component analysis, adding poor information (genotyped markers that are not causal 
loci) does not help in terms of estimation of effect size unbiasedly unless a very large 




A similar problem was found in my simulation study. A significantly drop of ~30% 
was observed in prediction accuracy when I predicted the simulated phenotypes 
(contributed by ℎ𝑔
2 = 25%) with a kernel computed by both causal SNPs and non-
informative SNPs, compared to prediction made upon a kernel computed by only 
causal SNPs (orange and yellow bars in Figure 4.2a). Another significantly drop of 
~38% was detected in prediction accuracy when I predicted the simulated phenotypes 
(contributed by ℎ𝑔
2 = 25%  and ℎ𝑘𝑖𝑛
2 = 15% ) with a kernel computed by non-
informative SNPs and some causal SNPs, compared to the result from a kernel 
computed by all and only causal SNPs (blue and yellow bars in Figure 4.2b).  
In fact, the genomic prediction accuracy in the simulation study was reasonable good 
if the knowledge of genetic architecture of a trait was accurately applied. With a 
limited sample size of ~10k individuals, ~90% of the maximum achievable prediction 
accuracy was realised if the kernel used in prediction model contained all causal SNPs 
and causal SNPs only (yellow bars in Figure 4.2a and Figure 4.2b). 
Thereby, the prediction accuracy of obesity-related traits might be further boosted by 
pre-filtering trait-associated SNPs for computing the GRMs and kernels. For example, 
a prediction study for HDL shows that KRR with a kernel computed by the top 5 
GWAS SNPs sometimes provides higher prediction accuracy than KRR with a kernel 
computed by all SNPs [181].  
Differing from a traditional genomic prediction model, which only considers SNP-
associated genetic effects, my extended models also account for the extra similarity 
between individuals due to pedigree-associated genetic effects and common 
environment. However, the gain in prediction accuracy by modelling these additional 
effects was relatively low, e.g. ~1.6% increase for both simulated phenotypes (orange 
and blue bars in Figure 4.2c) and obesity-related traits in GS10K (Table 4.1). There 
are three possible explanations for this. First, the main reason is because 𝐆𝐑𝐌𝐤𝐢𝐧, 
𝐄𝐑𝐌𝐒𝐢𝐛 and 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞, as well as 𝐄𝐑𝐌𝐅𝐚𝐦𝐢𝐥𝐲, are very sparse, i.e. have a lot of holes 
(zero elements) in the matrix. It is difficult to predict with sparse matrix because it is 
hard to learn the corresponding effects accurately using so few pairs of non-zero 
elements that are informative; and there will not be a lot of people in the validation set 




the extended prediction model. Taking couple effects as an example, the non-zero 
elements (couple pairs) in 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞 is 1,283, which is relatively low compared to 
~49M pairs in 𝐆𝐑𝐌𝐠 (Table 2.1). The prediction accuracy of one of the couple in the 
validation set benefits from modelling couple effects only if the other one of the couple 
is in the training set. However, separating couples evenly into training and validation 
sets does not help in terms of learning the couple effects. To learn the couple effects 
accurately, I need to have as many complete pairs (2 individuals) of couples in the 
training set as possible, which creates a dilemma. Second, it is hard to learn and predict 
pedigree-associated genetic effects accurately because the design matrix, 𝐆𝐑𝐌𝐤𝐢𝐧 , 
was computed by genotyped SNPs which completely excludes any causal variation 
contributed to this non-SNP-associated genetic effects. Third, in the presence of 
relatives, a proportion of the additional effects had already been learned and predicted 
by the base model ‘G’ due to confounding between the design matrices, e.g. the 
prediction accuracy of model ‘G’ increased from ~15.4% for simulated phenotypes 
only contributed by SNP-associated genetic effects (orange bar in Figure 4.2a) to 18.3% 
for simulated phenotypes contributed by the same SNP-associated genetic effects and 
other factors (orange bar in Figure 4.2c). Therefore, the prediction accuracy in base 
model ‘G’ was ‘inflated’ because it was not purely contributed by SNP-associated 
genetic effects [78].  
In this 5-fold CV KRR study, I grouped people at random. Hence, the probability that 
a couple were both assigned to the training set, one to the training set and the other one 
to the validation set and both to the validation set are 0.04 (0.22), 0.32 (2×0.2×0.8) 
and 0.64 (0.82) respectively. Hence, the number of individuals that benefitted from 
modelling couple effects (the second case) was 0.32×2×1283=821, e.g. only ~8% of 
the whole population. Similarly, the number of individuals that could benefit from 
modelling pedigree-associated effects and modelling sibling environment were 3172 
and 432 respectively (Text S4.1). Therefore, the little improvement, i.e. 1-2% increase 
in prediction accuracy by adding sparse matrices (𝐆𝐑𝐌𝐤𝐢𝐧, 𝐄𝐑𝐌𝐒𝐢𝐛 and 𝐄𝐑𝐌𝐂𝐨𝐮𝐩𝐥𝐞), 
may actually be considered as quite good because the increase in the prediction 
accuracy for the whole population was mainly driven by a small group of individuals 




Following from this, I consider that, instead of finding the best prediction model that 
maximised the general prediction accuracy for the entire population, future studies 
should focus on applying different prediction strategies and models on different types 
of people based on what kind of relatives they have in the cohort to maximise the 
prediction accuracy for each individual or each group because the between group 
difference in prediction performance for the same model could be huge and should not 
be neglected. For example, for HDL, the prediction accuracy for people without any 
relatives in the cohorts was 13.5%, whereas that for people who having sibling and 
other relationships in the cohorts was over 40% (Figure 4.3). If what I found is correct, 
then a more reliable prediction accuracy for a person could be easily obtained by 









Chapter 5: Influence of Assortative Mating on 
Human Complex Traits 
 
5.1 Introduction 
Quantitative genetic studies normally follow two key assumptions: first, populations 
are under random mating; and second, the genetic components of a trait follow an 
infinitesimal model (that is, they are contributed by an infinite number of causal loci 
in linkage-equilibrium (LE) across the genome). These assumptions ensure that under 
this model causal loci are random variables (independent from each other) and there is 
no covariance structure (also known as population structure or genomic structure in 
other studies) among them. However, inbreeding, selection, migration, genetic drift, 
etc., do commonly exist in human history [183-186], all of which could create 
covariance structure to some extent in real populations and thus potentially violate 
these assumptions. 
Assortative mating is a sexual selection and a non-random mating pattern in which 
individuals with similar phenotypes mate with each other more frequently than 
expectation under a random mating pattern [187] and, in this study, the term intensity 
of assortative mating (𝜌) measures how strong such assortment of mate choice is in 
the population.  
Assortative mating generates a positive similarity between members of a couple 
(partners) and in the absence of other factors, the phenotypic correlation between 
partners (𝑟𝐶𝑃) is equal to the intensity of assortative mating, i.e. 𝑟𝐶𝑃 = 𝜌. This mate 
choice which happens at the phenotype level can be decomposed into genetic and 
environmental components: 𝜌ℎ2  of the couple similarity is contributed by the 
correlation between partners’ genetic values, whereas 𝜌(1 − ℎ2)  of the couple 
similarity is contributed by the correlation between partners’ environmental values 




generations of strong assortative mating, the genetic variance of a trait could double 
compared to its original genetic variance in the founder population [188]. 
In traditional pedigree studies of heritability, such as MZ-DZ twin studies, populations 
are assumed to be under random mating [189,190], which might lead to biased results 
for the trait under study if they are not [191]. Taking height in GS:SFHS as an example, 
based on my estimation, the point estimate of heritability for height obtained from 
parent-offspring regression without consideration of assortative mating is 104%, 
which suggests that it is crucial to know whether the trait is under assortative mating 
and make necessary adjustment accordingly. 
However, to adjust for the influence of assortment of mate choice on the genetic 
variance of a trait, the intensity of assortative mating needs to be known. For pedigree 
studies of heritability which consider assortative mating [192,193], it is common 
practice to replace the intensity of assortative mating (𝜌) with the observed phenotypic 
correlation between partners (𝑟𝐶𝑃). The underlying assumption for this practice is that 
the couple correlation is purely due to assortative mating, which probably is true for 
height as one’s stature changes little after reaching adulthood; but regarding other 
obesity related traits like BMI, the couple correlation might be contributed by both 
mate choice before cohabitation and common couple environment such as exercise and 
diet after cohabitation [92,194,195]. Therefore, the observed couple correlation should 
not be taken as the intensity of assortative mating for estimating heritability if the 
couple similarity is not contributed by assortative mating solely.  
A similar problem also potentially affects my variance component study in Chapter 2. 
In my previous variance component study, I have shown that couple effects are one of 
the major components of anthropometric and cardio-metabolic trait variations. 
However, the design matrix for couple effects, ERMCouple, was a similarity matrix 
which was originally designed for measuring the similarity between partners due to 
shared couple environment after cohabiting. This means, if the couple similarity is 
mainly the result of assortative mating (i.e. 𝑟𝐶𝑃 = 𝜌), then it no longer reflects pure 
environmental effects as ℎ2 proportion of the phenotypic correlation between partners 
is contributed by genetics. In such a case, adding the couple effect component to the 




leads to little residual variance for traits under assortative mating such as height (Table 
2.3). 
However, owing to how my data, as well as many other data, were collected (i.e. at a 
single point and not like a long-term study in which participants were measured for 
the same phenotypes repeatedly for many years), I am not able to separate assortative 
mating and couple environmental effects by looking at the changes in observed couple 
similarity of the phenotype before and after cohabiting. Therefore, except for height 
for which it is fairly certain that all couple effects shall be contributed by assortative 
mating [91,166], it is hard to know if there is assortment in mate choice and to what 
extent the couple similarity is contributed by assortative mating rather than sharing a 
common “joint lifestyle” environment for other traits. 
Previous theoretical studies [188,196] have illustrated the consequence of assortative 
mating in the field of population genetics, such as how the expectations of genetic 
variance, heritability and familial resemblance increase under assortative mating at the 
population level. However, as yet the expected resemblance of in-law relationships 
other than partners is not revealed, such as the relationship between one’s full-sibling 
and one’s spouse (full-sib-in-law relationship, FSIL) and the relationship between 
one’s parent and one’s spouse (parent-offspring-in-law relationship, POIL). 
In this study, I mathematically derived the expected phenotypic, genetic and 
environmental resemblance between FSIL and between POIL under assortative mating. 
I found that the expected phenotypic correlations between FSIL (𝑟𝐹𝑆𝐼𝐿) and between 
POIL (𝑟𝑃𝑂𝐼𝐿) should be positive and are linked with the intensity of assortative mating 
and heritability.  
The aim of this chapter is to test whether there is evidence of assortative mating for 
the traits investigated and to estimate the heritability and the intensity of assortative 
mating, by a novel pedigree study using resemblance between in-law relationships 
derived. Afterwards, I compared the estimate of intensity of assortative mating and the 
observed phenotypic correlation between partners for the same trait, to see whether 
there is evidence for other effects contributing to the couple similarity.  




5.2 Assortative Mating Theory 
5.2.1 Fundamental Theory 
At the start, I review here the fundamental theory relating to assortative mating written 
in the two standard textbooks for quantitative geneticists, Genetics and Analysis of 
Quantitative Traits and Introduction to quantitative genetics [188,196].  
According to the theory, if a polygenic trait is contributed by sufficient number of 
originally unlinked causal loci and individuals mate assortatively for that trait over 
generations with the same intensity 𝜌 , the genetic and phenotypic variance will 
increase from 𝑉𝑎𝑟𝐺0  and 𝑉𝑎𝑟𝑃0  in the founder population to 𝑉𝑎𝑟𝐺𝐴𝑀 =
1
1−𝜌ℎ𝐴𝑀
2 𝑉𝑎𝑟𝐺0  and 𝑉𝑎𝑟𝑃𝐴𝑀 =
1
1−𝜌ℎ𝐴𝑀
4 𝑉𝑎𝑟𝑃0  in assortative mating populations at 
equilibrium, respectively [196]. Note, subscript ‘0’ refers to the founder generation in 
which the causal loci are in LE; whereas subscript ‘AM’ represents its subsequent 
generations that reached equilibrium at assortative mating, i.e. the genetic variance no 
longer increases.  
Hence, the ratio of genetic variance 𝑉𝑎𝑟𝐺𝐴𝑀 to phenotypic variance 𝑉𝑎𝑟𝑃𝐴𝑀 gives a 
formula that links ℎ𝐴𝑀
2  with ℎ0






2  (Note, the sign in the 
denominator of equation (9) of Table 10.6 in book [196] should be ‘-‘ rather than ‘+’). 
By knowing any two out of these three parameters (heritability in the founder 
population ℎ0
2 , heritability in assortative mating population at equilibrium ℎ𝐴𝑀
2  and 
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2𝜌(1 − ℎ𝑜2)


















Based on equations demonstrated above, as well as equations from textbook [196], the 
key parameters for assortative mating studies are 𝜌, 𝑉𝑎𝑟𝐺0 and ℎ0
2 (or 𝜌, 𝑉𝑎𝑟𝐺0 and 
𝑉𝑎𝑟𝑃0) as the increase in additive genetic variance (𝑉𝑎𝑟𝐺𝐴𝑀 − 𝑉𝑎𝑟𝐺0) and increase 
in heritability (ℎ𝐴𝑀
2 − ℎ0
2) vary depending on them. 
To explore how these key parameters interact under assortative mating, in Figure 5.1, 
I plot the increase in additive genetic variance (𝑉𝑎𝑟𝐺𝐴𝑀 − 𝑉𝑎𝑟𝐺0) and the increase in 
heritability (ℎ𝐴𝑀
2 − ℎ0
2) due to assortative mating against a range of 𝑉𝑎𝑟𝐺0 and ℎ0
2 for 
a fixed value 𝜌 of 0.3. Figure 5.1 shows that, for a fixed 𝜌, the increase in genetic 
variance (𝑉𝑎𝑟𝐺𝐴𝑀 − 𝑉𝑎𝑟𝐺0) increases with 𝑉𝑎𝑟𝐺0, while the increase in heritability 
(ℎ𝐴𝑀
2 − ℎ0
2 ) goes up and then down as ℎ0
2  increases. The maximum increase in 
heritability (ℎ𝐴𝑀
2 − ℎ0
2) is 5.17% and that is when the ℎ0
2 of the trait equals to 64.9%. 
 
Figure 5.1. The influence of assortative mating on genetic variance and heritability 
when the intensity of assortative mating equals 0.3. 
 
Y-axis(left): Increase in additive genetic variance due to assortative mating, 
corresponding to blue curve; Y-axis (right): Increase in heritability due to assortative 
mating, corresponding to orange curve; X-axis: 𝑉𝑎𝑟𝐺0 or ℎ0








































































In Figure 5.2, I plot the maximum increase in heritability ( ℎ𝐴𝑀
2 − ℎ0
2 ) and its 
corresponding ℎ0
2  for 𝜌 ranging from 0 to 1. The maximum ℎ𝐴𝑀
2 − ℎ0
2 increases and 
the corresponding ℎ0
2 declines as 𝜌 increases. The ℎ0
2 corresponding to the maximum 
increase in heritability ranges from 66.7% to 50.9%. Hence, traits whose ℎ0
2 is within 
that range are influenced by assortative mating to the greatest extent. When 𝜌 is large, 
the heritability of a trait could be increased by over 40% due to assortative mating. 
However, 𝜌 for real phenotypes is usually small to moderate and no more than 0.3. 
Consequently, the maximum increase in heritability is not expected to be more than 
5.17% (i.e., relatively small). But, the increase in genetic variance could be large, e.g. 
the genetic variance increases from 0.6 to 0.75 (25% increase) for a trait whose 
𝑉𝑎𝑟𝐺0 = 0.6 and 𝜌 =0.3 under assortative mating (Figure 5.1). 
 
Figure 5.2. The maximum influence of assortative mating on heritability across 
different degrees of assortment in mate choice. 
 
Y-axis(left): Maximum increase in heritability for different 𝜌, corresponding to blue 
curve; Y-axis (right): ℎ0
2  corresponds to maximum increase in heritability, 


























































5.2.2 Increased Resemblance between in-Law Relatives under 
Assortative Mating 
Quantitative genetic textbooks [188,196] not only demonstrate how genetic variance 
and heritability change under assortative mating but also show how resemblances 
between different types of blood relatives change accordingly, i.e. how genetic, 
environmental and phenotypic correlations between blood relatives change under 
assortative mating compared to the founder population (or any random mating 


















2  for full-siblings accordingly.  
Assortative mating also increases the resemblance between in-law relatives, such as 
partners. However, how resemblance for in-law relatives other than partners changes 
under assortative mating has been less well studied and I am going to explore these 
changes here.  
I assume that the phenotype of a trait is only contributed by additive effects and the 
individual environment. Regarding additive effects, it is contributed by an infinite 
number of causal loci and these loci are physically independent (i.e. recombination 
rate equals 50%). It is assumed that each individual chooses a mate assortatively with 
intensity of 𝜌  and furthermore the population has reached equilibrium under 
assortative mating (genetic variance stops increasing).  
 
5.2.2.1 The Resemblance between Parents and Offspring-in-Law. 
First, I derive the parent- and offspring-in-law (POIL) relationship, that is the 











There are four individuals in this example pedigree, who are the father (F), the mother 
(M), the son (S) and the daughter-in-law (D). A dotted line means in-law relationship 
and a solid line means biological relationship. Letters ‘P’, ‘G’ and ‘E’ refer to the 
phenotypic, genetic and environmental values respectively; whereas letter ‘H’ refers 
to the genetic value contributed by causal alleles from one of the individual parental 
origins. For example, for the father (F), the genetic values contributed by causal alleles 
from his paternal origin and maternal origin are 𝐻1 and 𝐻2 respectively. Thus, the total 
genetic value of the father (F) is 𝐺𝐹 = 𝐻1+𝐻2. Regarding the son (S), the genetic value 
contributed by causal alleles transmitted from his father is 𝐻1/2, which means it is a 
mixture 𝐻1 and 𝐻2. The difference between 𝐺𝐹  and 𝐻1/2, 𝐺𝐹 − 𝐻1/2, is the father’s 
genetic value contributed by non-transmitted causal alleles. Both transmitted alleles 
and non-transmitted alleles should contribute equally to the father’s total genetic value. 
The same applies to 𝐻3/4, the genetic value inherited from the mother. 
According to [188,196], the genetic, environmental and genetics-by-environment 
correlations between partners are 𝜌ℎ𝐴𝑀
2 , 𝜌(1 − ℎ𝐴𝑀
2 )  and 𝜌√ℎ𝐴𝑀
2 (1 − ℎ𝐴𝑀
2 ) 
respectively. Since causal alleles from paternal origin and maternal origin shall have 
equal contribution to one’s total genetic effect, therefore the covariance between the 









2 𝑉𝑎𝑟𝐺𝐴𝑀                                                     𝐸𝑞4 
And the covariance between the father’s transmitted genetic value (𝐻1/2) and the 








2 (1 − ℎ𝐴𝑀












𝐸𝑞4 and 𝐸𝑞5 indicate that, the genetic value contributed by the father’s transmitted 
genome is directly correlated with the daughter-in-law’s genetic and environmental 
values.  
Regarding the genetic value contributed by the father’s non-transmitted genome, it has 
a correlation of 𝜌ℎ𝐴𝑀
2 with the genetic value contributed by the mother’s transmitted 
genome due to assortative mating between the father (F) and the mother (M). 
𝐶𝑜𝑟(𝐺𝐹 − 𝐻1/2, 𝐻3/4) = 𝐶𝑜𝑟(𝐺𝐹 , 𝐺𝑀) = 𝜌ℎ𝐴𝑀
2                                                              𝐸𝑞6 
Therefore, the covariance between the father’s non-transmitted genetic value (𝐺𝐹 −
𝐻1/2) and the daughter-in-law’s total genetic value (𝐺𝐷) is: 
𝐶𝑜𝑣(𝐺𝐹 − 𝐻1/2, 𝐺𝐷 ) = 𝐶𝑜𝑣(𝜌ℎ𝐴𝑀
2 𝐻3/4, 𝐺𝐷) = 𝜌ℎ𝐴𝑀









2 )2𝑉𝑎𝑟𝐺𝐴𝑀                                                                  𝐸𝑞7 
And the covariance between the father’s non-transmitted genetic value (𝐺𝐹 − 𝐻1/2) 
and the daughter-in-law’s environmental value (𝐸𝐷) is: 
𝐶𝑜𝑣(𝐺𝐹 − 𝐻1/2, 𝐸𝐷) = 𝐶𝑜𝑣(𝜌ℎ𝐴𝑀
2 𝐻3/4, 𝐸𝐷) = 𝜌ℎ𝐴𝑀










2 (1 − ℎ𝐴𝑀
2 )𝑉𝑎𝑟𝐺𝐴𝑀𝑉𝑎𝑟𝐸𝐴𝑀                       𝐸𝑞8 
𝐸𝑞7 and 𝐸𝑞8 indicate that, the genetic value contributed by father’s non-transmitted 
genome is indirectly correlated with the daughter-in-law’s genetic and environmental 
values through the son’s genetic value of maternal origin (𝐻3/4). By adding 𝐸𝑞4 
and 𝐸𝑞7 and 𝐸𝑞5 and 𝐸𝑞8, it is possible to obtain the covariance between the father’s 
total genetic value (𝐺𝐹) and the daughter-in-law’s total genetic value (𝐺𝐷) and the 
covariance between the father’s total genetic value (𝐺𝐹) and the daughter-in-law’s 
environmental value (𝐸𝐷) respectively. 
𝐶𝑜𝑣(𝐻1/2, 𝐺𝐷) + 𝐶𝑜𝑣(𝐺𝐹 − 𝐻1/2, 𝐺𝐷 ) = 𝐶𝑜𝑣(𝐻1/2 + 𝐺𝐹 −𝐻1/2, 𝐺𝐷) 

















2 𝑉𝑎𝑟𝐺𝐴𝑀                                                                                                  𝐸𝑞9 
And  
𝐶𝑜𝑣(𝐻1/2, 𝐸𝐷) + 𝐶𝑜𝑣(𝐺𝐹 − 𝐻1/2, 𝐸𝐷 ) = 𝐶𝑜𝑣(𝐻1/2 + 𝐺𝐹 − 𝐻1/2, 𝐺𝐷) 


















2 (1 − ℎ𝐴𝑀
2 )𝑉𝑎𝑟𝐺𝐴𝑀𝑉𝑎𝑟𝐸𝐴𝑀                                                         𝐸𝑞10 
𝐸𝑞9 and 𝐸𝑞10 reveal the genetic and genetics-by-environment correlation between 
POIL, respectively. 
Similarly, although the father’s environmental effect (𝐸𝐹) is not directly correlated 
with the daughter-in-law’s environmental effect (𝐸𝐷), they are correlated with one 
another through the son’s genetic value of maternal origin (𝐻3/4). Thus, the covariance 
between the father’s and the daughter-in-law’s environmental values (𝐸𝐹 and 𝐸𝐷) is: 




2 (1 − ℎ𝐴𝑀





2 (1 − ℎ𝐴𝑀







2 (1 − ℎ𝐴𝑀
2 )𝐶𝑜𝑣(𝐺𝑆, 𝐸𝐷) 
=
𝜌2ℎ𝐴𝑀
2 (1 − ℎ𝐴𝑀
2 )
2
𝑉𝑎𝑟𝐸𝐴𝑀                                                                                             𝐸𝑞11 
And the covariance between the father’s environmental value (𝐸𝐹) and the daughter-
in-law’s total genetic value (𝐺𝐷) is: 




2 (1 − ℎ𝐴𝑀








2 (1 − ℎ𝐴𝑀







2 (1 − ℎ𝐴𝑀






2 (1 − ℎ𝐴𝑀
2 )𝑉𝑎𝑟𝐺𝐴𝑀𝑉𝑎𝑟𝐸𝐴𝑀                                                                 𝐸𝑞12 
𝐸𝑞11 and 𝐸𝑞12 indicate the environmental and environment-by-genetics correlation 
between POIL, respectively. Therefore, by adding 𝐸𝑞 9, 𝐸𝑞 10, 𝐸𝑞 11 and 𝐸𝑞 12 
together, it is possible to get the phenotypic covariance and correlation between POIL, 
which is: 
𝐶𝑜𝑣(𝐺𝐹 , 𝐺𝐷) + 𝐶𝑜𝑣(𝐺𝐹 , 𝐸𝐷) + 𝐶𝑜𝑣(𝐸𝐹, 𝐸𝐷) + 𝐶𝑜𝑣(𝐸𝐹, 𝐺𝐷) 
= 𝐶𝑜𝑣(𝐺𝐹, 𝐺𝐷 + 𝐸𝐷) + 𝐶𝑜𝑣(𝐸𝐹, 𝐺𝐷 + 𝐸𝐷) 
=  𝐶𝑜𝑣(𝐺𝐹 + 𝐸𝐹 , 𝐺𝐷 + 𝐸𝐷) 
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With 𝜌 of 0.3 and ℎ𝐴𝑀
2  of 80%, the phenotypic correlation between POIL is 0.156, 
much higher than the expected correlation of 0 under random mating.  
 
5.2.2.2 The Resemblance between Sib and Sib-in-Law 
The second example refers to sib- and sib-in-law (FSIL) relationship, which is the 
relationship between one’s full-sibling(s) and one’s spouse. The example pedigree is 






A brother (B) is added into the previous example pedigree. The terminology is the 
same as before. Since full-siblings share 50% of the genome, I further separate their 
total genetic values into shared part and non-shared parts. For example, H1/2= 




1/2(unique). Both shared and non-shared 
parts should contribute equally to one’s total genetic value. The same rules apply for 
H3/4 and H
*
3/4, the genetic value inherited from the mother. 
Regarding the brother’s (B) genetic value contributed by the shared part, it is directly 
correlated with the genetic and environmental values of his sib-in-law (D). Therefore, 
the covariance between the brother’s genetic value contributed by the shared part 
(𝐻1/2(𝑠ℎ𝑎𝑟𝑒𝑑) + 𝐻3/4(𝑠ℎ𝑎𝑟𝑒𝑑)) and the sib-in-law’s total genetic value (𝐺𝐷) is: 
𝐶𝑜𝑣(𝐻1/2(𝑠ℎ𝑎𝑟𝑒𝑑) + 𝐻3/4(𝑠ℎ𝑎𝑟𝑒𝑑), 𝐺𝐷) 








































2 𝑉𝑎𝑟𝐺𝐴𝑀                                                                                                                𝐸𝑞15 
And the covariance between the brother’s genetic value contributed by the shared part 
(𝐻1/2(𝑠ℎ𝑎𝑟𝑒𝑑) + 𝐻3/4(𝑠ℎ𝑎𝑟𝑒𝑑)) and the sib-in-law’s environmental value (𝐸𝐷) is: 
𝐶𝑜𝑣(𝐻1/2(𝑠ℎ𝑎𝑟𝑒𝑑) + 𝐻3/4(𝑠ℎ𝑎𝑟𝑒𝑑), 𝐸𝐷) 























2 (1 − ℎ𝐴𝑀
2 )𝑉𝑎𝑟𝐺𝐴𝑀𝑉𝑎𝑟𝐸𝐴𝑀                                                                         𝐸𝑞16 
Regarding the brother’s (B) genetic value contributed by the non-shared part of 
paternal origin (𝐻1/2(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ ), it is correlated with his full-sibling’s (S) genetic value 
of maternal origin (𝐻3/4) due to assortative mating between the father (F) and the 
mother (M). Similarly, 𝐻3/4(𝑢𝑛𝑖𝑞𝑢𝑒)
∗  is correlated with 𝐻1/2.  
Therefore, the brother’s (B) genetic value contributed by the non-shared part is 
indirectly correlated with his sib-in-law’s (D) genetic and environmental values 
through the genetic value of his full-sibling (S) and the covariance between the 
brother’s genetic value contributed by the non-shared part ( 𝐻1/2(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ +
𝐻3/4(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ ) and the sib-in-law’s total genetic value (𝐺𝐷) is: 
𝐶𝑜𝑣(𝐻1/2(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ +𝐻3/4(𝑢𝑛𝑖𝑞𝑢𝑒)





∗ , 𝐺𝐷) + 𝐶𝑜𝑣(𝐻3/4(𝑢𝑛𝑖𝑞𝑢𝑒)














































2 )2𝑉𝑎𝑟𝐺𝐴𝑀                                                                                                         𝐸𝑞17 
Similarly, the covariance between the brother’s genetic value contributed by the non-
shared part (𝐻1/2(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ + 𝐻3/4(𝑢𝑛𝑖𝑞𝑢𝑒)




∗ , 𝐸𝐷) 
= 𝐶𝑜𝑣(𝐻1/2(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ , 𝐸𝐷) + 𝐶𝑜𝑣(𝐻3/4(𝑢𝑛𝑖𝑞𝑢𝑒)















































2 (1 − ℎ𝐴𝑀




Hence, by adding 𝐸𝑞15  and  𝐸𝑞17  and 𝐸𝑞16  and  𝐸𝑞18 , it is possible to get the 
covariance between the brother’s total genetic value (𝐺𝐵) and the sib-in-law’s total 
genetic value (𝐺𝐷) and the covariance between the brother’s total genetic value (𝐺𝐵) 
and the sib-in-law’s environmental value (𝐸𝐷) respectively. 
𝐶𝑜𝑣(𝐻1/2(𝑠ℎ𝑎𝑟𝑒𝑑) + 𝐻3/4(𝑠ℎ𝑎𝑟𝑒𝑑), 𝐺𝐷) + 𝐶𝑜𝑣(𝐻1/2(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ + 𝐻3/4(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ , 𝐺𝐷) 
= 𝐶𝑜𝑣(𝐻1/2(𝑠ℎ𝑎𝑟𝑒𝑑) + 𝐻3/4(𝑠ℎ𝑎𝑟𝑒𝑑) + 𝐻1/2(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ + 𝐻3/4(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ , 𝐺𝐷) 















2 𝑉𝑎𝑟𝐺𝐴𝑀                                                                                               𝐸𝑞19 
And 
𝐶𝑜𝑣(𝐻1/2(𝑠ℎ𝑎𝑟𝑒𝑑) + 𝐻3/4(𝑠ℎ𝑎𝑟𝑒𝑑), 𝐸𝐷) + 𝐶𝑜𝑣(𝐻1/2(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ + 𝐻3/4(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ , 𝐸𝐷) 
= 𝐶𝑜𝑣(𝐻1/2(𝑠ℎ𝑎𝑟𝑒𝑑) + 𝐻3/4(𝑠ℎ𝑎𝑟𝑒𝑑) + 𝐻1/2(𝑢𝑛𝑖𝑞𝑢𝑒)
∗ + 𝐻3/4(𝑢𝑛𝑖𝑞𝑢𝑒)



















2 (1 − ℎ𝐴𝑀
2 )𝑉𝑎𝑟𝐺𝐴𝑀𝑉𝑎𝑟𝐸𝐴𝑀                                                        𝐸𝑞20 
𝐸𝑞19  and 𝐸𝑞20  demonstrate the genetic and genetics-by-environment correlation 
between FSIL, respectively. However, unlike the POIL situation, the brother’s 
environmental value (𝐸𝐵) is not correlated with his sibling’s genetic value (𝐺𝑆), and 
thus there is no environmental or environment-by-genetics correlation between FSIL. 
Hence,  
𝐶𝑜𝑣(𝐸𝐵, 𝐸𝐷) = 0                                                                                                                 𝐸𝑞21 




By summing 𝐸𝑞19, 𝐸𝑞20, 𝐸𝑞21 and 𝐸𝑞22 up, it is possible to obtain the phenotypic 
covariance and correlation between FSIL 
𝐶𝑜𝑣(𝐺𝐵, 𝐺𝐷) + 𝐶𝑜𝑣(𝐺𝐵, 𝐸𝐷) + 𝐶𝑜𝑣(𝐸𝐵, 𝐸𝐷) + 𝐶𝑜𝑣(𝐸𝐵, 𝐺𝐷) 
= 𝐶𝑜𝑣(𝐺𝐵, 𝐺𝐷 + 𝐸𝐷) + 𝐶𝑜𝑣(𝐸𝐵, 𝐺𝐷 + 𝐸𝐷) 
= 𝐶𝑜𝑣(𝐺𝐵 + 𝐸𝐵, 𝐺𝐷 + 𝐸𝐷) 











2 (1 − ℎ𝐴𝑀
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2 ) and the expected phenotypic correlation between partners 
(𝜌).  
With 𝜌 of 0.3 and ℎ𝐴𝑀
2  of 80%, the phenotypic correlation between sibs and sib-in-
laws is 0.1488, much higher than the expected correlation of 0 under random mating.  
I summarised the equations of expected resemblance between nuclear family members 
















𝐶𝑜𝑟𝑃 0 𝜌 
𝐶𝑜𝑟𝐺 0 𝜌ℎ𝐴𝑀
2  


























































𝐶𝑜𝑟𝐸 0 0 




















5.3 Simulation Study  
To examine the performance of these formulae listed in Table 5.1 in a range of 
different scenarios, I conducted a simulation study. 
 
5.3.1 Simulated Population Structure 
I simulated 8 assortative mating cohorts, 21 generations (the number included the 
founder populations) for each cohort and 100k individuals (50k males and 50k females) 
for each generation. All individuals were assortatively mated and produced one 
offspring of each sex. There was no cross-generation mating, full-sibling mating or 
first-cousin mating.  
For details about how assortatively mated individuals were simulated see Section 5.3.3. 
 
5.3.2 Simulated Trait Architecture 
Two thousand random variables were generated from a binomial distribution ℬ(1, 0.5) 
(0 or 1 with equal probability) to be the haplotypes of one thousand causal loci in the 
founder populations. Thus, all causal loci were unlinked in the founder populations 
with allele frequencies around 0.5. Each locus acted independently when being 
transmitted from parents to offspring, i.e. a recombination rate of 50%, and 
consequently, in the absence of assortative mating, loci should remain in LE in any 
subsequent generations.  
Each locus was assigned an effect size for the reference allele (the allele coded as 1). 
Effect sizes were generated from a normal distribution 𝒩(0,
2𝑉𝑎𝑟𝐺𝑜
𝑁𝑙𝑜𝑐𝑖
) and were constant 
over generations. The genetic value of an individual was calculated as 𝐺 = 𝑔𝑎, where 
𝐺 is the genetic value, 𝑔 is the array of genotype, 𝑎 is the vector of effect sizes. Thus, 
the expectation of additive genetic variance equals ∑2𝑝𝑖𝑞𝑖𝑎𝑖
2 = 𝑉𝑎𝑟𝐺𝑜 for the founder 




Each individual was assigned an environmental effect (𝐸), derived from a normal 
distribution 𝒩(0, 𝑉𝑎𝑟𝑃𝑜 − 𝑉𝑎𝑟𝐺𝑜) . The distribution of environmental effects was 
constant over generations and therefore 𝑉𝑎𝑟𝐸 = 𝑉𝑎𝑟𝐸𝑜 = 𝑉𝑎𝑟𝑃𝑜 − 𝑉𝑎𝑟𝐺𝑜. 
Finally, the phenotype (𝑃 ) for any individual was calculated as 𝑃 = 𝐺 + 𝐸 . The 
phenotype should follow multivariate normal distribution 𝑀𝑉𝒩(0, 𝑉𝑎𝑟𝑃𝑜) and 𝑉𝑎𝑟𝑃𝑜 
was always set to 1. For the founder populations of assortative mating cohorts, 
𝑉𝑎𝑟𝑃=𝑉𝑎𝑟𝑃𝑜 , whereas for progeny generations of populations under assortative 
mating, 𝑉𝑎𝑟𝑃 should be larger than 𝑉𝑎𝑟𝑃𝑜 because of the increase in additive genetic 
variance caused by assortative mating.  
Table 5.2 shows the parameters used for data simulation.  
 
Table 5.2. Parameters for simulated cohorts 






2 0.40 0.60 
3 0.60 0.40 




6 0.40 0.60 
7 0.60 0.40 






5.3.3 Procedure of Assortative Mating 
To generate assortment in mate choice, another 50k intermediate values were 
simulated for each generation, in addition to the phenotypes simulated in Section 5.3.2, 
The steps used to obtain assortatively mated simulated individuals are given below: 
1. Pick a simulated male and generate an intermediate value for that male by 
selecting a random value from the normal distribution (mean = male’s 
simulated phenotype, s.d. = sigma). Sigma is a parameter associated with 
couple correlation and phenotypic variance (see below) 
2. Repeat Step 1 for all 50k simulated males and get 50k intermediate values. 
3. Rank 50k females’ phenotypes simulated in Section 5.3.2 and rank 50k 
intermediate values generated in Step 1 and Step 2. 
4. Match the rank of males’ intermediate values and the rank of females’ 
simulated phenotypes and mate the corresponding individuals with the same 
rank. 
5. For example: 
a. ID 1 is a male with simulated phenotype of 2 
b. Randomly select an intermediate value for ID 1 from normal 
distribution (mean=2, s.d.=sigma) and the value is 1.8 
c. 1.8 is the 102nd largest values among all intermediate values 
d. The 102nd largest simulated phenotype in female is 1.83 and belongs to 
female ID 7312  
e. Mate male ID1 and female ID 7312 
f. Repeat a to e for the remaining male samples 
I found that the correlation between males’ simulated phenotypes and their 
intermediate values is identical to the correlation between males’ simulated 
phenotypes and their chosen spouses’ simulated phenotypes mated by this way, e.g. 
same ranking provides similar correlation. 
The next step is to choose the right parameter, sigma, to make intensity of assortative 
mating (spousal phenotypic correlation) 𝜌 equivalent to 0.15 or 0.3. With a fixed 𝑉𝑎𝑟𝑃 
of 1, the empirical distribution for the sigma and spousal phenotypic correlation is 




0.15 respectively. However, 𝑉𝑎𝑟𝑃 increases over generations till populations reach 
equilibrium. Thus, the observed spousal phenotypic correlation 𝜌 might differ slightly 
from the expectation.  
 
5.3.4 Equilibrium of Assortative Mating 
In my simulation study, there were 1k causal loci for a trait and 100k individuals per 
generation. This large sample size made populations approach equilibrium very 
quickly. I plot the changes in genetic variance over generations for one simulated 
assortative mating cohort in Figure 5.3. 
 
Figure 5.3 An example of how genetic variance (VarG) changes over generations for 
populations under assortative mating. 
 
The example is from a simulated assortative mating cohort with 𝑉𝑎𝑟𝐺0 = 0.6 and 
𝜌0 =0.3 (𝜌 ≈ 0.31 when the populations reached equilibrium). The red line is the 
























Figure 5.3 shows that, based on parameters used in my simulation, 8-10 generations 
of assortative mating are enough for the simulated population to reach equilibrium of 
assortative mating as the plot is flat and the estimates of genetic variance are no longer 
significantly different from each other after 8-10 generations. Therefore, the last 10 
generations of this simulated cohort have reached equilibrium of assortative mating. 
 
5.3.5 Resemblance between Nuclear Family Members 
To test whether the equations of expected resemblances between relatives listed in 
Table 5.1 are accurate, I compared the observed values estimated from simulated data 
against the expected values calculated based on formulae in Table 5.1 by regression.  
Two examples of the phenotypic correlation between POIL and between FSIL are 
given in Figure 5.4.  
Regressing the observed values on the expected values, both the regression coefficients 
and the variance explained by the regression (R2) are close to 1, which shows 
agreement between the formulae derived and the results from the simulation study for 
these two relationships. 
Analogously, all equations listed in Table 5.1 were verified by linear regression 
(Figure S5.2). However, if the expected correlation between relatives is 0 rather than 
positive (e.g. the expected environmental correlation between parents and offspring is 































































































































































































































































































































































































5.4 Novel Pedigree Studies using in-Law Relatives to 
Estimate Heritability and Intensity of Assortative 
Mating 
By using simulated data, I confirmed that the expected resemblances between nuclear 
family members under assortative mating listed in Table 5.1 are accurate. Therefore, 
by using two types of listed relationships, I could estimate the heritability (ℎ𝐴𝑀
2 ) and 
the intensity of assortative mating (𝜌) for a trait as the expected phenotypic correlations 
between nuclear family members are linked to ℎ𝐴𝑀
2  and 𝜌.  
However, there are confounding factors that could affect the resemblances between 
relatives.  For example, the couple correlation (𝑟𝐶𝑃) might be influenced by common 
couple environment; the parent-offspring correlation (𝑟𝑃𝑂) might be influenced by 
common family environment; and the full-sibling correlation (𝑟𝐹𝑆) might be inflated 
by dominance and epistasis as well as common rearing environment. 
But, the correlation between parent- and offspring-in-law (POIL), 𝑟𝑃𝑂𝐼𝐿, and between 
sib- and sib-in-law (FSIL), 𝑟𝐹𝑆𝐼𝐿, is not affected by dominance, epistasis, household 
effect and common environment shared between partners or siblings. Therefore, by 
using the phenotypic correlations of two different types of in-law relationship or a type 
of in-law relationship and a type of biological relationship, I could estimate 𝜌 and ℎ𝐴𝑀
2  
with less bias from the confounding factors mentioned above for populations at 
equilibrium of assortative mating. 
For example, based on the expected resemblance listed in Table 5.1, I could estimate 
𝜌 and ℎ𝐴𝑀
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                                                                                                                        𝐸𝑞28 




                                                                                                                               𝐸𝑞29  
ℎ𝐴𝑀
2 =
−1 + √1 + 8𝑟𝐹𝑆𝐼𝐿
2𝜌
                                                                                                 𝐸𝑞30 
I examined equations 𝐸𝑞25 to 𝐸𝑞30 using simulated data (Figure S5.3). The overall 
estimates of 𝜌  and ℎ𝐴𝑀
2  are unbiased, but the standard errors of the estimate from 
POIL-FSIL design (𝐸𝑞25 and 𝐸𝑞26) are large, especially for traits with low founder 
heritability and low intensity of assortative mating, e.g. the 1st simulated cohort 
(𝑉𝑎𝑟𝐺0 = 0.2 and 𝜌 = 0.15) in Table 5.2. 
Subsequently, I conducted a novel pedigree study using related individuals in GS20K. 
First, I checked how many in-law relationships are there. Unfortunately, although 
GS20K contains deep pedigrees, it does not have a lot of pairs of different types of in-
law relationship. The highest number of in-law relationships is FSIL. In GS20K, there 
is ~1.9k pairs of full-siblings for which one’s spouse happened to also participate in 
the study; whereas the number of informative POIL pairs is low, less than 300. 
Consequently, I conducted a sib-sib and FSIL pedigree study to estimate the 
heritability and the intensity of assortative mating (if any) for anthropometric and 
cardio-metabolic traits in GS20K using 𝐸𝑞29  and 𝐸𝑞30 . Phenotypes have been 
adjusted for sex, age and age2 and sex-by-age interaction. 
Based on 𝐸𝑞29 , I predicted the intensity of assortative mating 𝜌  using observed 
phenotypic correlations between full-siblings ( 𝑟𝐹𝑆 ) and between FSIL ( 𝑟𝐹𝑆𝐼𝐿 ). 
Afterwards, I compared the predicted 𝜌  to the observed phenotypic correlation 
between partners (𝑟𝐶𝑃) for the same trait in Figure 5.5 (for detailed values see Table 
S5.1) to see whether they differ. A significant difference between 𝜌 and 𝑟𝐶𝑃 would 







































































































































































































































































































































Results indicate that (Figure 5.5), for creatinine, hip circumference, diastolic blood 
pressure (DBP) and heart rate (HR), there is evidence of assortative mating as the 
estimates of 𝜌 are significantly larger than 0; and there is evidence that the couple 
similarity is not only contributed by assortative mating as the estimated 𝜌  is 
significantly larger than the observed 𝑟𝐶𝑃  for the same trait. Regarding height, fat, 
weight, waist circumference and BMI, there is significant evidence of assortative 
mating but the estimated 𝜌 is not significantly different from observed 𝑟𝐶𝑃  for the 
same trait, which suggests that the couple similarity is caused by assortative mating 
solely; or the difference is not large enough to be detected using my real data. For urea, 
TC, HDL, glucose, waist-to-hip ratio (WHR) and systolic blood pressure (SBP), there 
is no evidence of assortative mating. However, the observed 𝑟𝐶𝑃 is significant for these 
traits, indicating that the couple similarity is caused by shared couple environment 
solely. 
For traits showing evidence of assortative mating, I estimated the heritability ℎ𝐴𝑀
2  
using the observed phenotypic correlation between full-siblings (𝑟𝐹𝑆) and the predicted 
intensity of assortative mating ( 𝜌 ) based on 𝐸𝑞30  (Table S5.1). Afterwards, I 
compared the estimates of ℎ𝐴𝑀
2  to the estimates of ℎ𝑔𝑘𝑖𝑛
2  (ℎ𝑔
2+ℎ𝑘𝑖𝑛
2 , from the selected 
model in Table 2.3) obtained in Chapter 2 for the same trait to see how well the 
estimates of heritability given by two different methods agree with each other.  
Figure 5.6a shows that the estimates of ℎ𝐴𝑀
2  obtained from sib-sib and FSIL 
relationships correspond quite well with ℎ𝑔𝑘𝑖𝑛
2  estimates from Chapter 2 as estimates 
are similar and no significant difference between ℎ𝐴𝑀
2  and ℎ𝑔𝑘𝑖𝑛
2  is observed for the 
same trait, except for DBP  for which ℎ𝐴𝑀
2  is higher than ℎ𝑔𝑘𝑖𝑛
2 . 
Subsequently, I compared the estimates of ℎ𝐴𝑀
2  to twice the observed phenotypic 
correlation between full-siblings because 2𝑟𝐹𝑆 is the heritability estimate from sib-sib 
relationship assuming random mating. As shown in Figure 5.6b, all ℎ𝐴𝑀
2  estimates are 
lower than 2𝑟𝐹𝑆, which indicates that estimating heritability from sibling relationship 
without considering the assortment in mate choice leads to inflated heritability 
estimates for traits under assortative mating. The inflation for height is significant, 




Figure 5.6 Estimating ℎ𝐴𝑀
2
 using predicted 𝜌 and observed 𝑟𝐹𝑆  based on 𝐸𝑞30 and 
comparing estimates of ℎ𝐴𝑀
2  to estimates of ℎ𝑔𝑘𝑖𝑛
2  and 2𝑟𝐹𝑆. 
 
 
Horizontal and vertical bars show standard errors of ℎ𝑔𝑘𝑖𝑛
2  (or 2𝑟𝐹𝑆 in plot b) estimates 
and ℎ𝐴𝑀
2  estimates respectively. The standard errors of ℎ𝐴𝑀
2  estimates were estimated 





5.5 Conclusion and Discussion  
In this study, I mathematically derived the expected resemblance between sib-sib-in-
law (FSIL, the relationship between one’s full-siblings and one’s spouse) and between 
parent-offspring-in-law (POIL, the relationship between one’s parents and one’s 
spouse) under assortative mating. I found that, under assortative mating, the expected 
resemblance between FSIL and POIL are positive and relate to the heritability (ℎ𝐴𝑀
2 , 
the heritability for populations reached equilibrium at assortative mating) and the 
intensity of assortative mating (𝜌, how strong the assortment in mate choice is). This 
finding was confirmed by simulation study (Figure 5.4). 
I developed novel methods to estimate heritability and the intensity of assortative 
mating by using the resemblances between in-law relatives in complex pedigrees, such 
as sib-sib and FSIL relationships (𝐸𝑞29  and 𝐸𝑞30 ), parent-offspring and POIL 
relationships (𝐸𝑞27 and 𝐸𝑞28) and POIL and FSIL relationships (𝐸𝑞25 and 𝐸𝑞26). 
These equations were also validated by simulation study (Figure S5.3). 
Subsequently, I conducted sib-sib and FSIL studies to estimate ℎ𝐴𝑀
2  and 𝜌  for 
anthropometric and cardio-metabolic traits in GS20K as FSIL is the most frequent in-
law relationship in GS20K (~1.9k pairs). Results indicate that, there is some evidence 
of assortative mating for 9 out of 15 traits investigated in this study (Figure 5.5) and 
for traits having evidence of assortative mating the estimates of ℎ𝐴𝑀
2  are similar with 
the estimates of ℎ𝑔𝑘𝑖𝑛
2  from Chapter 2 (Figure 5.6a), which suggests that this novel 
pedigree study performs reasonably well. 
However, my estimates of 𝜌 and ℎ𝐴𝑀
2  from sib-sib and FSIL relationships might be 
influenced by confounding factors shared among full-siblings and FSIL. For example, 
observed similarity between full-siblings (𝑟𝐹𝑆) might be larger than expectation due to 
dominance, epistasis and shared environment and thus resulting in underestimation of 
𝜌  and overestimation of ℎ𝐴𝑀
2 . This might explain why the estimate of ℎ𝐴𝑀
2  is 
significantly larger than the estimate of ℎ𝑔𝑘𝑖𝑛
2  for DBP for which sibling environment 
seems to contribute a large proportion of the sibling similarity (sibling environment 
explains 8% of total phenotypic variance for DBP, Table 2.3). Another potential 




be larger than expectation due to living in the same region or FSIL are genetically 
more similar compared to two random individuals due to coming from the same region. 
Regional effects will lead to overestimation of 𝜌  and underestimation of ℎ𝐴𝑀
2 . 
Furthermore, overestimation of 𝜌 might result in false positive estimates of assortative 
mating. 
Regarding creatinine, hip circumference, DBP and HR, there is significant evidence 
that the observed similarity between partners is different from the predicted 𝜌 which 
suggests that shared common couple environment after cohabiting might also 
contribute to the couple similarity. This gives us an opportunity to dissect the observed 
couple similarity into the effects of shared common couple environment due 
cohabitation and the effects of assortative mating. However, in this study, the estimates 
of 𝜌 are significant larger than the observed 𝑟𝐶𝑃. This indicates that, if there is shared 
couple environment, then the effects of shared couple environment should be in the 
opposite direction to the effects of assortative mating, i.e. making couples dissimilar.  
It is possible that there are other potential undetected cofounding factors that inflates 
𝑟𝐹𝑆𝐼𝐿 but not 𝑟𝐹𝑆 (or inflates 𝑟𝐹𝑆𝐼𝐿 greater than 𝑟𝐹𝑆) which leads to overestimation of 𝜌 
for these traits. Further investigation is required. 
In the future, I plan to conduct pedigree study to estimate heritability and the intensity 
of assortative mating using POIL and FSIL relationships in UK biobank as there might 
be a sufficient number of POIL and FSIL pairs to provide reasonable estimates. The 
advantage of using two types of in-law relationships is that, there is no dominance, 
epistasis, household effect, common couple environment and common sibling 
environment shared by in-law relatives other than partners. Therefore, for traits under 
assortative mating, a pedigree study using two types of in-law relationships might 
provide more accurate estimates of 𝜌 and ℎ𝐴𝑀
2 , mitigating the bias in estimation of 
heritability in traditional pedigree study such as MZ-DZ twin study and parent-
offspring regression caused by the confounding factors shared among nuclear family 
members. Future research might also explore the possibility of using mixed model and 
likelihood approaches to estimate heritability, assortative mating and family 
environment effects, as well as dominance and some other effects, simultaneously 




Chapter 6: Conclusions and Future Work 
 
In this thesis, I conducted variance component analyses (Chapter 2), GWAS (Chapter 
3), a prediction study (Chapter 4) and an assortative mating study (Chapter 5) to 
explore the trait architecture for anthropometric and cardio-metabolic traits, including 
height, weight, fat, body mass index (BMI), hip circumference, waist circumference, 
waist-to-hip ratio (WHR), a body shape index (ABSI), levels of creatinine, urea, total 
cholesterol (TC) and high-density lipoprotein (HDL) in serum, levels of glucose in 
blood after a four hour fasting period, systolic and diastolic blood pressure and heart 
rate. The data analysed were collected from a cohort made up of ~20k individuals of 
recent Scottish descent genotyped for over 520k common SNPs across the genome. 
In Chapter 2, I conducted variance component analyses to identify the sources of trait 
variation using genomic relationship matrices (GRM) and similarity matrices under a 
REML framework. I discovered that, for most traits investigated, the major 
contributors to trait variation were SNP-associated genetic effects, pedigree-associated 
genetic effects, couple effects and sibling effects (Table 2.3).  
SNP-associated genetic effects refer to genetic effects captured by common variants 
inherited from distant ancestors that are associated with genotyped SNPs at the 
population level, whereas pedigree-associated genetic effects represent additional 
genetic effects due to genetic variants that segregate within pedigrees but are not 
associated with genotyped SNPs at the population level, such as rare variants, CNVs 
and other structural variants, that are captured due to strong linkage in high-order 
pedigrees. On average, SNP- and pedigree-associated genetic effects each explain ~50% 
of the genetic variance (Figure 2.4) and the total heritability (sum of two genetic effects) 
matches that published in twin studies (Table 2.4), which indicates little heritability is 
missing. Future work could focus on identifying the genetic variants contributing to 
pedigree-associated genetic effects by conducting GWAS in isolated populations in 
which the frequencies of those genetic variants could be higher. 
In GS:SFHS, the average age of participants is around 50 years which suggests that 




couples. Therefore, in this study, sibling effects and couple effects refer to the 
environmental effects due to past rearing environment shared by full-siblings and due 
to current environment shared by partners, respectively. However, couple effects also 
involve assortative mating. Assortative mating increases the similarity between 
partners and thus is confounded with the effects contributed by the shared environment. 
In order to identify the presence of assortative mating, in Chapter 5, I conducted an 
assortative mating study. I developed a novel method that uses the relationships 
between in-law relatives to determine whether the observed phenotypic correlation 
between partners is contributed by environment or assortative mating or a mixture of 
both as well as to estimate the heritability for the range of traits studied. Using this 
novel method, I found significant evidence of assortative mating for creatinine, hip 
circumference, diastolic blood pressure, heart rate, height, fat, weight, waist 
circumference and BMI and for the first 4 traits, there is significant evidence that the 
observed phenotypic correlation between partners is not only contributed by 
assortative mating (Figure 5.5). The heritability estimates given by this approach are 
close to those obtained in Chapter 2 (Figure 5.6). In the future, the next step is to 
separate the observed phenotypic correlation between partners into the effects due to 
assortment in mate choice and the effects due to shared environment as a result of the 
cohabitation. To solve that, an assumption about the relationship between assortative 
mating and shared couple environment is required, that is for an individual whether 
the effect due to assortative mating is correlated with the effect due to shared 
environment or they are independent. Although assortative mating is a mate choice at 
the phenotype level which is blind to genetics and environmental factors, it generates 
both genetic and environmental correlations between partners. Since one’s lifestyle 
and habits would not change completely across time, there might be a positive 
correlation between the environmental effects unknowingly shared by partners due to 
mate choice prior to cohabitation and the environmental effects shared by partners 
after cohabitation due to common living environment. This enhances the difficulty of 
dissecting the observed phenotypic correlation between partners into different sources. 
In Chapter 3, I conducted GWAS to detect genetic variants attributable to SNP-
associated genetic effects. However, unlike traditional GWAS study, my extended 




effects in addition to SNP-associated genetic effects, i.e. the factors shown in Chapter 
2 that contribute to trait variation. This approach could remove the false positive 
associations due to genetics-by-environment correlation shared between relatives and 
increase detection power by providing smaller standard errors for the estimates of SNP 
effect sizes. By a comprehensive GWAS performance comparison, I provided 
evidence that, in general, the extended method provides lower FDR and higher 
detection power for traits investigated compared to the traditional method that only 
accounts for SNP-associated genetic effects. There are, however, some exceptions. 
There is significant evidence that the traditional method works better for height and 
creatinine (Figure 3.1 and Table 3.3). Note, there is also some evidence that the 
traditional method works better for heart rate and systolic blood pressure (Figure 3.1 
and Table 3.2), but that is because most signals detected are false positives (Table 
S3.2). A plausible hypothesis is that, as mentioned above, assortative mating generates 
positive genetic and environmental correlations between members of a couple, i.e. 𝜌ℎ2 
for genetic correlation and 𝜌(1 − ℎ2) for environmental correlation. Compared to the 
traditional method which does not model couple effects, for traits under assortative 
mating, modelling couple effects in the extended GWAS method could remove the 
extra genetic variance shared by partners due to assortative mating (𝜌ℎ2 part), leading 
to lower detection power; simultaneously, modelling couple effects in the extended 
GWAS method could remove the environmental correlation between partners due to 
assortative mating (𝜌(1 − ℎ2) part), leading to higher detection power. Therefore, 
leaving alone the influence of shared common environment, for traits under assortative 
mating, whether this extended GWAS method benefits from modelling couple effects 
or not perhaps depends on the difference in gain and loss of detection power, i.e. the 
magnitude of 𝜌ℎ2  and 𝜌(1 − ℎ2 ). For height and creatinine, there is evidence of 
assortative mating detected in Chapter 5 (Figure 5.5) and 𝜌ℎ2 is much larger than 
𝜌(1 − ℎ2) (Table S5.1), which leads to lower detection power for the extended method 
compared to the traditional method. On the contrary, although there is evidence of 
assortative mating for waist circumference, fat, weight and BMI (Figure 5.5), the 
extended method outperformed the traditional method (Figure 3.1, Table 3.2 and Table 
3.3) as 𝜌ℎ2 is no more than 𝜌(1 − ℎ2) (Table S5.1) for these traits. This hypothesis 




In Chapter 4, I conducted a prediction study to predict the phenotypic values for some 
obesity-related traits including height, BMI, hip circumference, HDL and TC. Similar 
to the GWAS, my prediction model also includes pedigree-associated genetic effects, 
couple effects and sibling effects in addition to SNP-associated genetic effects. This 
makes my study different from traditional genomic prediction studies in which only 
SNP-associated genetic effects are included. Results indicate that, the prediction 
accuracy from the extended prediction method is, on average, ~1.6% higher for these 
traits (although these increases are non-significant), compared to the traditional 
prediction method (Table 4.1). Considering the fact that the prediction study was 
conducted using GS10K data in which there is a much lower proportion of distant, 
couple and sibling relationships compared to GS20K (Table 2.1) and that not everyone 
with appropriate relatives in the data could benefit from using the extended model 
unless his/her relatives are in the training set while the individual to predict remains in 
the validation set simultaneously, such non-significant increase in the prediction 
accuracy driven by limited number of corresponding individuals is still promising. By 
examining the prediction accuracy of particular subpopulations, I discovered that the 
prediction accuracy of individuals with relatives in the data is much higher than that 
of individuals without (Figure 4.3), e.g. for HDL, the prediction accuracy of 
individuals who have distant and sibling relationships in the data is over 40% whereas 
that of individuals who are unrelated to anyone else in the data is less than 15%. This 
points out that future prediction study could focus on maximising the prediction 
accuracy for each individual by using different prediction models based on what types 
of relative that individual has in the data. 
To conclude, in this thesis, I have conducted studies to explore the trait architecture 
for anthropometric and cardio-metabolic traits. Owing to the deep and complex 
relationships in GS:SFHS, I am able to study the influence of familial genetic and 
environmental effects on trait variation, which is novel compared to most published 
trait architecture studies. Based on my observation, couple effects, which include both 
assortative mating and shared environment, are quite important for traits related to 
anthropometrics and cardio-metabolism. Disentangling how assortative mating and 
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Text S2.1 Simulating phenotypes 
In order to evaluate the robustness of our models and the performance of our stepwise 
model selection, we conducted a simulation study. We simulated, based on the real 
genotypic information and the real pedigree, different sets of phenotypes for each of 
the 9,863 individuals in GS10K. The simulated phenotypes were generated by 
combining various proportions of simulated effects for SNP-associated genetics, 
pedigree-associated genetics, nuclear family environment, shared couple environment 
and sibling environment.  
For simulating the genetic effects we used a similar approach to Zaitlen et al. [1], but 
based on our real genotype information in GS10K. The genome was divided into two: 
even chromosomes were used to create the observed genetic effects that were in LD 
with the SNPs (in a later step, only even chromosomes will be used to generate the 
appropriate genomic relationship matrices); odd chromosomes were used to create the 
unobserved variants that were not in LD with the SNP array. We randomly selected 1 
in every 500 SNPs (MAF > 0.05) on even chromosomes, ending up with 550 ‘causal 
loci’ representing the causal variants tagged by genotyping platform. We assigned an 
effect to the rare alleles of the selected markers (assuming an additive model). The 
summed effect for those loci was 𝐠𝐠  and was calculated as ∑ 𝑎𝑖𝑥𝑖
𝑁
𝑖=1  for each
individual, where N is the number of causal loci, 𝑎𝑖 is the effect size of allele i and 𝑥𝑖 
is the allelic dose for allele i. Similarly, another 550 common ‘causal loci’ were 
randomly selected on odd chromosomes, representing the variants that were not in LD 
with the SNP array. The summed effect for those loci was 𝐠𝐤𝐢𝐧, which was calculated 
using the same formula as 𝐠𝐠. 
These basic genetic settings were the same as in Zaitlen et al. [1], except for the 
assumption we used for effect sizes. The effect sizes in our simulation study were 
derived from an exponential distribution as in Fisher [2]. The distributions of effect 
179
sizes for ‘casual loci’ on even and odd chromosomes were 𝒂𝒈~𝐸(𝜆 = √
4×𝑁×𝑝𝑞̅̅ ̅̅
ℎ𝑔




2 ) respectively, where 𝒂𝒈 and 𝒂𝒌𝒊𝒏 are N × 1 vectors of effect 
sizes for chosen SNPs on even and odd chromosomes separately and 𝑝𝑞̅̅ ̅ is the mean 
of minor allele frequency times major allele frequency for these loci, which is 0.1825 
here. 
We transformed 𝐠𝐠 and 𝐠𝐤𝐢𝐧 to normal distributions with mean equal to 0 and variance 
equal to ℎ𝑔
2  or ℎ𝑘𝑖𝑛
2 , which are the proportion of the variance of the simulated
phenotypes explained by variants in LD with the markers, and variants not in LD with 
the markers, respectively.  
The environmental effects were simulated based on the real pedigree. For sibling 
environment (𝐞𝐬) and couple environment (𝐞𝐜), the effect sizes were derived from two 
normal distributions: 𝑁(0, 𝑒𝑠
2)  and 𝑁(0, 𝑒𝑐
2)  respectively. We assigned the same
random couple effect to each pair of individuals in a couple and the same random 
sibling effect to each of the full-siblings from the same nuclear family. Individuals 
without any spouse or/and siblings in the data were also given a random couple effect 
and a random sibling effect that was unique to themselves. For the nuclear family 
environment (𝐞𝐟), individuals were given two nuclear family effects: one for their 
youth (representing familial environment when living with their parents) and the other 
for adulthood (familial environment when living alone or with their spouse and 
children). Nuclear family members shared the same nuclear family effect, whereas 
single individuals did not share nuclear family effect with any other individuals. 
Therefore, individuals with parents and with a spouse or/and offspring (1,305 
individuals in GS10K) shared two separate familial effects, one with their parents and 
any sibs and one with their spouse and/or children; individuals without any first degree 
relatives (1,785 individuals in GS10K) had two unique familial effects; and the 
remaining individuals (6,773 individuals in GS10K) had one shared and one unique 
familial effects. Both family environments (youth and adulthood) contributed equally 
to create the final family environmental effect. The rationale for this approach is that 
in three generation families (grandparents, parents and progeny) it allows separate 
nuclear family environment effects for the grandparents and their grandprogeny, i.e. it 
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does not assume that they share the same family environment. The effect size was 
randomly drawn from 𝑁(0, 𝑒𝑓
2).  
As before, we transformed 𝐞𝐟, 𝐞𝐬 and 𝐞𝐜 to normal distributions with mean equal to 0 






2 the proportion of the variance 
of the simulated phenotype explained by family, sibling or couple environment, 
respectively.  
We also simulated a random residual effect for each individual (𝛆), the residuals were 
derived from 𝑁(0, 𝑒𝑒
2) where 𝑒𝑒
2 represents the proportion of variance remaining in 






given a proportion of the variance explained (0% - 50%) and 𝑒𝑒






2. The final phenotypes would be the sum of transformed 𝐠𝐠, 𝐠𝐤𝐢𝐧, 𝐞𝐟, 𝐞𝐬, 
𝐞𝐜 and 𝛆, and the expected mean and variance of simulated phenotypes was 0 and 1, 
respectively. 
 
1. Zaitlen N, Kraft P, Patterson N, Pasaniuc B, Bhatia G, et al. (2013) Using extended 
genealogy to estimate components of heritability for 23 quantitative and 
dichotomous traits. PLOS Genetics 9: e1003520. 






Text S4.1 The expected number of individuals benefits from modelling sibling 
environment, family environment and pedigree-associated genetics in the extended 
GWAS method 
By counting the elements in 𝐆𝐑𝐌𝐤𝐢𝐧 matrix, I found that, for individuals with relatives 
(sharing pedigree-associated genetic effects) in GS10K, the average number of 
relatives they have is 2.78 and I take the nearest integer of 3. The probability that 4 
individuals (3 relatives + the individual himself/herself) are all in the training set is 
0.84=0.4096 (Situation I), all in the validation set is 0.24=0.0016 (Situation II), 1 in the 
training set and the rest in the validation set is 4*0.2*0.83=0.4096 (Situation III), half 
in the training set and half in the validation set is 6*0.22*0.82=0.1536 (Situation IV) 
and 3 in the training set and the rest in the validation set is 4*0.23*0.8=0.0256 
(Situation V). The possibilities sum to 1.  
The unique non-zero elements for 𝐆𝐑𝐌𝐤𝐢𝐧  matrix is 8080 pairs. The number of 
pairwise relationship for a group of 4 individuals is 4*3/2=6.  8080/6=1346.67. 
Therefore, I assume that there are 1347 different groups of individuals (e.g. an 
extended family), 4 individuals per group, and individuals within each group sharing 
pedigree-associated genetic effects but not between groups.  
If a group is in Situation I or II, then none of the group member benefits from 
modelling pedigree-associated genetic effects. If a group is in Situation III, IV or V, 
then all of them benefit from modelling pedigree-associated genetic effects. Thus, the 
expected number of individuals benefited from modelling pedigree-associated effects 
is 4*1347*(0.4096+0.1536+0.0256) ≈ 3172. Note, the number of unrelated 
individuals in GS10K is ~6k, i.e. there are 4k individuals who have relatives in the 
data. This means that over three fourths of the people who have blood relatives in 
GS10K or one third of the whole population might benefit from modelling pedigree-
associated genetic effects. 
The average number of siblings for individuals who have siblings in GS10K (sharing 
common sibling environment) is 1.22 and I take the nearest integer of 1. The 
probability that 2 individuals (1 siblings + the individual himself/herself) are both in 
the training set is 0.82=0.64 (Situation I), both in the validation set is 0.22=0.04 
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(Situation II) and 1 in the training set and 1 in the validation set is 2*0.2*0.8=0.32 
(Situation III). The possibilities sum to 1.  
The unique non-zero elements for 𝐄𝐑𝐌𝐒𝐢𝐛 matrix is 676 pairs. The number of pairwise 
relationship for a group of 2 individuals is 2*1/2=1.  Therefore, 676 pairs of non-zero 
elements in S matrix could be considered as there are 676 groups of sibling pairs from 
676 different families, i.e. each pair of sibling share sibling environment within group 
but not between groups. 
If a sibling pair is in Situation I or II, then neither of them benefits from modelling 
sibling environment. If a sibling pair is in Situation III, then both of them benefit from 
modelling sibling environment. Thus, the expected number of individuals benefited 
from sibling environment is 2*676*0.32≈432 (~200 pairs of siblings). Therefore, one 
third of the sibling pairs or ~4% of the whole population might benefit from modelling 
sibling environment. 
The average number of nuclear family members for individuals who have nuclear 
family members in GS10K (sharing common family environment) is 2.25 and I take 
the nearest integer of 2. The probability that 3 individuals (2 family members + the 
individual himself) are all in the training set is 0.83=0.512 (Situation I) and all in the 
validation set is 0.23=0.008 (Situation II).  
The unique non-zero elements for F matrix is 4821 pairs. The number of pairwise 
relationship for a group of 3 individuals is 3*2/2=3.  Therefore, roughly there are 
4821/3= 1607 nuclear families in GS10K, 3 individuals per family.  
If a nuclear family is in Situation I or II, then none of the nuclear family members 
benefits from modelling family environment. If a nuclear family is not in Situation I 
and II, then all the family members benefit from modelling family environment. Thus, 
the expected number of individuals benefit from modelling family environment is 
3*1607*(1-0.512-0.08)≈2314. Approximately half of the nuclear families or a quarter 
of the whole population might benefit from modelling family environment. 
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Text S5.1 
Text S5.1 Estimation of standard errors in sib-sib and sib-in-law pedigree design 
Delta method is a method to estimate the standard errors (S.E.) of a ratio and it was 
used to estimate the S.E. of 𝜌 and ℎ𝐴𝑀
2  in sib-sib and sib-in-law pedigree study in 
Chapter 5. The code used in R for delta method is as follows.   
mr <- function(x, sigmax, y, sigmay) { 
  eff <- sum(x*y/sigmay^2, na.rm = TRUE)/sum(x^2/sigmay^2, na.rm = TRUE) 
  err <- sqrt(1/sum(x^2/sigmay^2, na.rm = TRUE)) 
  p <- pchisq(eff**2/err**2, 1, lower.tail = FALSE) 
  return(list(eff = eff, err = err, p = p)) 
} 
Therefore, by using this mr function in R, it is possible to obtain the S.E. of y/x 
(se(y/x)), which equals mr( x , se(x) , y , se(y) ). 
Since 𝜌 was estimated as the ratio of 𝑟𝐹𝑆𝐼𝐿 and 𝑟𝐹𝑆  (𝜌 =
𝑟𝐹𝑆𝐼𝐿
𝑟𝐹𝑆
), the S.E. of 𝜌 (se(𝜌)) 
equals mr( 𝑟𝐹𝑆 , se(𝑟𝐹𝑆) , 𝑟𝐹𝑆𝐼𝐿 , se(𝑟𝐹𝑆𝐼𝐿) ). 
Since ℎ𝐴𝑀




), to estimate the S.E. of ℎ𝐴𝑀
2  we need to know the S.E. of the numerator 
and denominator first. 
The S.E of 2𝜌 is twice the S.E. of 𝜌, i.e. se(2𝜌)=2se(𝜌)  
The S.E. of −1 + √1 + 8𝑟𝐹𝑆𝐼𝐿  is the same as the S.E. of √8𝑟𝐹𝑆𝐼𝐿 . The following 
procedure is how I get a generalised equation which links se(𝑋) to se(√𝑋) to estimate 
se(√8𝑟𝐹𝑆𝐼𝐿). 
For 𝑋~𝑁(0, 𝜎2) , 𝑉𝑎𝑟(𝑋2) = 2[𝑉𝑎𝑟(𝑋)]2 , see 
https://math.stackexchange.com/questions/620045/mean-and-variance-of-squared-
gaussian-y-x2-where-x-sim-mathcaln0-sigma  (accessed, 1-Dec, 2017) and 
184











By replacing 𝑋 with √8𝑟𝐹𝑆𝐼𝐿, it is possible to obtain the S.E. of the numerator. 
𝑠𝑒(−1 + √1 + 8𝑟𝐹𝑆𝐼𝐿) = 𝑠𝑒(√8𝑟𝐹𝑆𝐼𝐿) = √
4𝑠𝑒(𝑟𝐹𝑆𝐼𝐿)
√𝑛
    
After I got 𝑠𝑒(−1 + √1 + 8𝑟𝐹𝑆𝐼𝐿) and 𝑠𝑒(2𝜌), I put them into mr function in R to 
estimate the S.E. of ℎ𝐴𝑀
2 . 
𝑠𝑒(ℎ𝐴𝑀




Thereby, it is possible to estimate the S.E. of 𝜌  and ℎ𝐴𝑀
2  by using the observed 
phenotypic correlations between sib-sib and between sib-sib-in-law and the S.E. of 
those observations.  
However, 𝑠𝑒(𝑋) = √
𝑠𝑒(𝑋2)
2√𝑛
 is true when 𝑋~𝑁(0, 𝜎2) and the distribution of √8𝑟𝐹𝑆𝐼𝐿 
apparently is different than that (mean is not 0 and has a limited interval [0,2√2]), 


































a.GS:SFHS blood samples were analysed using standard automated methods in the NHS 
biochemistry laboratories local to the clinics across Scotland in which recruitment took 
place. These laboratories participate in the UK National External Quality Assessment 
Service (UKNEQAS) scheme and all tests had inter-assay CVs <5%. 
b.Measurements of TC, HDL, Creatinine and Urea were from serum prepared from 5ml of 
venous blood collected into a tube containing clot activator & gel separator. 
c.For glucose measurement, 2ml of venous blood was taken from consenting participants 
in GS research clinics using standard venepuncture procedures and collected in a sodium 
fluoride / potassium oxalate tube, with fasting duration recorded. The Glasgow lab used 
the Abbott Architect, hexokinase/glucose-6-phosphate dehydrogenase method for 
measurement of glucose. 
d.Blood Pressure & Heart Rate traits were measured twice and here we use the 2nd 
measurement. 
186
Name Description Primary Data 
Height Body Height Yes 
Weight Body Weight Yes 
Fat Body Fat Composition (Tanita scales) Yes 
BMI Weight/Height2 No 
Hips Hip Circumference Yes 
Waist Waist Circumference Yes 
WHR Waist/Hips No 
ABSI Waist × Height5/6 / Weight2/3 No 
Urea Urea Level in Serum Yes 
Creatinine Creatinine Level in Serum Yes 
Glucose Fasing Glucose Level in Blood Yes 
TC Total Cholesterol Level in Serum Yes 
HDL HDL Cholesterol Level in serum Yes 
SBP Systolic Blood Pressure Yes 
DBP Diastolic Blood Pressure Yes 
HR Heart Rate Yes 
Age Volunteer Age at Clinic Appointment Yes 
Sex Sex of Volunteer Yes 
SIMD Scottish Index of Multiple Deprivatione Yes 
Centre 9 Clinics where phenotypes are measured Yes 
20PCs The first 20 Principal Components of GRMg No 
 
 










Height cm No 167.62(9.52) 
Weight kg Yes 4.31(0.21) 
Fat percentage No 30.73(9.35) 
BMI kg/cm2 Yes 3.28(0.18) 
Hips cm Yes 4.64(0.10) 
Waist cm Yes 4.49(0.15) 
WHR (None) Yes -0.15(0.10) 
ABSI cm11/6 / kg2/3 Yes -2.56(0.07) 
Urea mmol/l Yes 1.63(0.27) 
Creatinin
e 
μmol/l Yes 4.28(0.19) 
Glucose mmol/l Yes 1.56(0.12) 
TC mmol/l Yes 1.63(0.21) 
HDL mmol/l Yes 0.35(0.28) 
SBP mmHg Yes 4.87(0.13) 
DBP mmHg Yes 4.38(0.13) 
HR beats/min Yes 4.23(0.16) 
Age years old No 52.20(13.64) 
Sex 
(F - female, M - 
male) 
No F: 5788; M:4075 
SIMD (None) No 
3994.13(1830.39
) 
Centre (None) No (None) 
20PCs (None) No (None) 
 
f.The mean and s.d. are calculated after transformation (where applicable) and for sex, 




Sex Age Sex-Age 
Var%g Effecth Var% Effect Var% Effect 
Height 51.13% -1.34E+01 4.43% -1.43E-01 0.00%NS -7.54E-03NS 
Weight 19.83% -1.70E-01 0.03% 9.16E-04 NS 0.01% NS -3.60E-04 NS 
Fat 38.67% 1.42E+01 5.35% 2.40E-01 0.11% -4.66E-02 
BMI 0.51% -1.92E-02 NS 2.45% 2.41E-03 0.00% NS -1.36E-04 NS 
Hips 0.00% NS 5.37E-03 NS 0.37% 6.90E-04 0.01% NS -1.26E-04 NS 
Waist 13.96% -9.34E-02 4.15% 3.11E-03 0.03% NS -4.21E-04 NS 
WHR 30.40% -9.76E-02 6.06% 2.43E-03 0.04% -3.10E-04 
ABSI 14.69% -4.27E-02 5.85% 1.86E-03 0.07% -2.86E-04 
Urea 4.00% -2.93E-01 14.71% 1.80E-03 0.83% 3.64E-03 
Creatinine 31.08% -2.07E-01 1.50% 2.04E-03 0.00% NS -1.51E-04 NS 
Glucose 2.21% -6.05E-02 7.39% 1.75E-03 0.07% 4.83E-04 
TC 1.28% -1.61E-01 3.58% -3.47E-03 1.65% 4.05E-03 
HDL 14.28% 1.28E-01 0.70% -1.28E-03 0.17% 1.72E-03 
SBP 4.19% -1.72E-01 16.19% 5.32E-04 NS 1.24% 2.26E-03 
DBP 2.53% -4.89E-02 3.49% 1.54E-03 0.01% NS 1.71E-04 NS 
HR 2.08% 7.11E-02 0.37% 1.05E-04 NS 0.04% NS -4.70E-04 NS 
Age (None) (None) (None) (None) (None) (None) 
Sex (None) (None) (None) (None) (None) (None) 
SIMD (None) (None) (None) (None) (None) (None) 
Centre (None) (None) (None) (None) (None) (None) 
20PCs (None) (None) (None) (None) (None) (None) 
 
g.Var%: the proportion of phenotypic variance explained by each covariate neglecting 
genetic factors, estimated using ANOVA: Phenotype ~ Sex + Age + Sex-Age + SIMD + 
Clinics + 20PCs. 
h.Effect: the estimated effect of each covariate neglecting genetic factors, estimated 
using ANOVA: Phenotype ~ Sex + Age + Sex-Age + SIMD + Centre + 20PCs. 
NS.Not significant. The estimate is non-significant due to p-value > 0.05. F-test for 








SIMD Centre 20PCs 
Var% Effect Var% Var% 
Height 0.83% 4.51E-04 0.14% 0.72% 
Weight 0.35% -7.01E-06 0.28% 0.54% 
Fat 0.79% -4.39E-04 0.46% 0.37% 
BMI 1.62% -1.23E-05 0.38% 0.52% 
Hips 0.60% -4.34E-06 1.03% 0.57% 
Waist 1.48% -1.02E-05 0.31% 0.44% 
WHR 1.08% -5.53E-06 0.25% 0.26% 
ABSI 0.71% -3.43E-06 1.84% 0.43% 
Urea 0.05% 3.26E-06 0.27% 0.22% NS 
Creatinine 0.00% NS -7.03E-07 NS 0.68% 0.25% 
Glucose 0.14% -2.23E-06 0.53% 0.34% 
TC 0.36% 6.55E-06 0.29% 0.34% 
HDL 1.00% 1.57E-05 1.98% 0.56% 
SBP 0.10% -2.55E-06 0.41% 0.18% NS 
DBP 0.01% NS -1.15E-06 NS 1.05% 0.48% 
HR 0.50% -6.90E-06 0.67% 0.42% 
Age (None) (None) (None) (None) 
Sex (None) (None) (None) (None) 
SIMD (None) (None) (None) (None) 
Centre (None) (None) (None) (None) 
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Table S2.7 Phenotypic correlation for spousal pairs (covariates adjusted) in GS10K 
Trait Correlation 95% Confidence Interval 
Height 0.257 0.203 - 0.310 
Weight 0.178 0.122 - 0.234 
Fat 0.170 0.112 - 0.227 
BMI 0.206 0.150 - 0.261 
Hips 0.159 0.102 - 0.216 
Waist 0.194 0.138 - 0.250 
WHR 0.081 0.022 - 0.138 
ABSI 0.048 -0.011 - 0.106NS 
Urea 0.121 0.063 - 0.177 
Creatinine 0.138 0.081 - 0.194 
Glucose 0.055 -0.004 - 0.114NS 
TC 0.063 0.006 - 0.120 
HDL 0.147 0.090 - 0.203 
SBP 0.107 0.050 - 0.164 
DBP 0.091 0.033 - 0.148 
HR 0.091 0.033 - 0.148 
NS Not significant. The correlation is not significantly different from 0 
284
Table S2.8 
Table S2.8 Variance component analysis results of the full model and the selected 
models for depression, cognition and personality traits in GS:SFHS. 
Phenotype N Model 
GRMg GRMkin ERMFamily ERMSib ERMCouple 
h2 g 
(S.E) 
h2 kin  
(S.E) 
ef2  (S.E) es2  (S.E) ec2  (S.E) 
Cognitive 



























































































































































      













































Table S3.1 Number of unique and common signals detected by each method. 
Trait 
Common Unique 
ALL TU & TR/SR TR & SR TU TR SR 
Glucose 10 0 30 3 0 1 
Waist 2 0 5 2 2 3 
Fat 3 0 7 2 2 4 
HDL_C 29 0 46 5 4 8 
Weight 3 0 8 5 2 4 
Height 5 0 40 9 21 6 
Hip 2 0 7 5 3 3 
DBP 0 0 2 4 0 0 
WHR 0 0 4 4 1 1 
ABSI 0 0 4 4 0 3 
HR 1 0 8 2 5 2 
BMI 5 0 10 0 2 2 
SBP 0 0 11 9 0 2 
TC 18 0 50 2 0 5 
Creatinine 0 0 19 6 5 6 
Urea 0 0 16 2 1 1 
Definition of unique and common signals see Chapter 3: 3.3.1. ALL means a signal 
can be detected by all three methods. TU & TR/SR means a signal can be detected by 
both TU and TR methods or by both TU and SR methods. TR & SR means a signal 






























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Figure S5.1. Empirical distribution of Sigma (X-axis) and Spousal phenotypic 
correlation (Y-axis).  
 
Assortatively mate 50K simulated males and females using the mating process 
described in Chapter 5 but with different sigma ranging from 0 to 50. Each dot is the 




Figure S5.2. Observed and Expected Familial Resemblances between Different Types 
of Relatives within Nuclear Family under Assortative Mating 
 
●, ●, ●, ●, ●, ●, ● and ● refer to simulated assortative mating populations in 
which  
𝑉𝑎𝑟𝐺0 𝜌0 = 0.15 𝜌0 = 0.30 
0.20 ● ● 
0.40 ● ● 
0.60 ● ● 
0.65 ● ● 
 
If the expectation is a positive value, I regressed the observation on the expectation to 
see whether the regression coefficient and R2 are close to 1. 
If the expectation is 0, I conducted sign test to see whether there is any bias in the sign 
of direction, e.g. more positive values than negative. 
Expectations of familial resemblance between different types of 1st degree relatives 
see Table 5.1 in Chapter 5. 
CorP, CorG and CorE refer to the correlations between phenotypic values, between 



























































































































































































































































































































Figure S5.3 Comparing the predicted intensity of assortative mating and heritability 
to their simulated values.   
 
 
For each generation in the last 10 generations of simulated assortative mating cohorts 
(equilibrium reached), I predicted 𝜌  and ℎ𝐴𝑀
2  using parent-offspring and POIL 
relationships, full-sibling and FSIL relationships and POIL and FSIL relationships, 
abbreviated as PO-POIL, FS-FSIL and POIL-FSIL design accordingly, based on 
equations 25 to 30 in Chapter 5. And then I estimated the ratio of the predicted values 
and simulated values (the observed couple correlation in the previous generation and 
the observed heritability in current generation) and boxplot the ratios in figure a. Red 
dash line: y=1. On average, the predicted values are unbiased (medians overlap with 




red dash line). However, although the overall predicted values are unbiased, the 
standard errors of 𝜌 and ℎ𝐴𝑀
2  predicted from POIL-FSIL design are very large. This 
figure has been zoomed in, the origin range of ratio of prediction/simulated value is -
0.28 to 3.31 for  𝜌  and -9.97 to 33.47 for ℎ𝐴𝑀
2  in POIL-FSIL design. Significant 
deviations in POIL-FSIL design are mainly caused by traits with low founder 
heritability and low intensity of assortative mating (e.g.  
𝑉𝑎𝑟𝐺0 = 0.2 and 𝜌0 = 0.15). Therefore, I made a same plot (figure b) but only kept 
three cohorts in which the intensity of assortative mating is 0.3 and the founder 
heritability is ≥ 0.4. The performance of POIL-FSIL design is better in plot b as the 
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